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Resumo
Os sistemas de monitorização vestíveis são extremamente úteis para a monitorização dos
profissionais de primeira resposta, enquanto os mesmos se encontram em ação. Como estes
operam frequentemente em ambientes hostis, importa monitorizar tanto parâmetros vitais
como ambientais, bem como providenciar os dados recolhidos aos chefes de equipa em
comando das operações, pois essa informação pode permitir maximizar a eficácia opera-
cional e minimizar os riscos a que os profissionais de primeira resposta estão sujeitos, tendo
potencial para, no futuro, ajudar a reduzir o número de vitimados durante as operações.
A presente tese é focada nos agentes de primeira resposta, e tem como objetivo dar
mais e melhor informação aos mesmos, através de melhorias, diretas ou não, num sistema
vestível já existente, o VitalResponder. Para tal, foi adotada uma estatégia a três passos,
onde o primeiro passo visa dar mais informação, através da introdução de novos sensores,
o segundo visa a seleção da informação mais relevante a partir dos dados adquiridos,
bem como a sua transmissão de modo eficiente aos chefes de operações, e o terceiro visa
dar informação fisiológica importante, que não pode ser medida com sensores, de forma
intuitiva aos chefes de operações.
O VitalResponder é uma versão melhorada do VitalJacket R© - uma t-shirt da Biodevices
SA que grava sinais eletrocardiográficos com qualidade clínica, bem como de actigrafia -
que possui uma maior gama de sensores capazes de medir parâmetros vitais e ambientais.
Por outro lado, existe ainda o VitalLogger, que expande as capacidades do VitalJacket R©
ao introduzir sensores de saturação de oxigénio, temperatura ambiente e humidade rela-
tiva. Como o VitalLogger pode ser integrável no VitalResponder, o desenvolvimento do
VitalLogger expande, por si só, as potencialidades do VitalResponder.
No primeiro passo desta tese, o firmware e SDK do VitalJacket foram expandidos
para o VitalLogger, de modo a aceitar os novos sensores, e, a pensar nas necessidades
futuras em adicionar novos sensores, uma nova versão do firmware para o VitalLogger foi
desenvolvida de modo a funcionar numa arquitetura modular. No segundo passo foi criado
um sistema que analisa os dados medidos pelos sensores e seleciona apenas a informação
relevante a enviar, com o objetivo de reduzir a redundância dos dados. Este sistema foi
implementado no firmware do VitalLogger apenas para controlo da temperatura ambiente.
Para além disso, foi adicionado a uma aplicação de teste já existente, para Android, um
sistema de alarme que alerta quando a temperatura ambiente passa os níveis considerados
seguros. No terceiro passo, para fornecer informação que não pode ser medida diretamente
com sensores, foi criado um sistema para prever a temperatura corporal a partir do ritmo
cardíaco, sendo essa temperatura usada para calcular um índice de stress e fadiga, o PSI.
Como resultado desta tese obteve-se um sistema com funcionalidades acrescidas, o
VitalLogger, que está ainda em fase de protótipo. O sistema de previsão de temperatura
corporal não se encontra ainda finalizado, pelo que não foi integrado no sistema, mas, com
melhorias futuras, é possível obter um sistema concorrente dos que existem no mercado.
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Abstract
Wearable monitoring technologies are extremely useful to monitor first responders whilst
in action. As first responders frequently operate in hazardous environments, it is of crit-
ical interest to monitor both vital and environmental parameters, and to provide that
information to the commanding entities in charge of operations, as this information might
be used to enhance first responders’ efficacy while minimizing their own risk, presenting
potential to diminish on duty casualties.
The present thesis is focused on first responders, and its objective is focused on giving,
not only more, but better information to first responders, by improving, directly or not,
an existing wearable system, VitalResponder. For that purpose, a three step work plan
was adopted, where the first step aims to provide more information by implementing new
sensors, the second step aims to intelligently select only the most relevant information
from acquired data, as well as conveying it more efficiently to the chiefs in charge of
operations, and the third one aims to provide important physiological indicators, that
cannot be acquired directly with sensors, intuitively to chiefs in charge of operations.
VitalResponder is an improved version of VitalJacket R© - a t-shirt from Biodevices
SA which acquires actigraphy and clinical quality electrocardiogram (ECG) signals - that
possesses a wider range of sensors capable of sensing both vital and environmental param-
eters. Moreover, there exists VitalLogger, which expands the capabilities of VitalJacket R©
by introducing sensors for oxygen saturation, ambient temperature and relative humid-
ity. Since VitalLogger can be integrated in VitalResponder’s system, the development of
VitalLogger also leads to an increase in VitalResponder’s potentialities.
In the first step of this thesis, VitalJacket’s firmware and SDK were expanded for
VitalLogger, in order to accept the newly implemented sensors, and, with future neces-
sities in terms of adding new sensors in mind, a new version for VitalLogger’s firmware
was developed, which prepares the system to work in a modular architecture. In the sec-
ond step, a system that selects important information from sensed signals was developed
with the objective of reducing data redundancy. This control system was implemented in
VitalLogger’s firmware, to control ambient temperature. Moreover, an alarm system was
added to an existing test application, for Android, which alerts when ambient temperature
leaves what is considered the safe zone. In the third step, with the objective of providing
important physiological data that cannot be sensed directly, a core temperature predictor
that uses only heart rate measurements was created, with core temperature predictions
being further used to compute a strain index, PSI.
As a result from this thesis’ work, a system with augmented functionalities was ob-
tained - the VitalLogger - which is still in prototype stage. Furthermore, the core temper-
ature estimator implemented during this thesis is not complete yet, therefore this version
of the estimator was not integrated in VitalLogger. However, with future work, a system
that can rival with those that exist in the market can be obtained.
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Introduction
1.1 Background and Context
Technologic advances are constantly redefining healthcare, being personalized healthcare
the latest revolution in the healthcare domain. Ubiquitous computing and electronic tex-
tiles, with the former resulting from the merging of two distinct areas, have led to the
development of wearable systems capable of monitoring both vital and environmental pa-
rameters. However, these systems face the enormous challenge of monitoring physiological
status in a continuous, non-invasive and real-time manner. Moreover, these systems need
to be integrated in communication network structures in order to enable control at a
greater scale (e.g. multi-individual real-time monitoring).
While wearable technologies have been mostly designed for vital sign monitoring for
clinical applications, these technologies are also useful to monitor first responders whilst in
action. As first responders frequently operate in hazardous environments, it is critical to
monitor both vital and environmental parameters, and to provide that information to the
leaders in charge of operations. This information can make the difference by increasing
tactical awareness and supporting critical decision making, allowing first responders to
maximize their efficacy while minimizing their own risk [1].
VitalResponder project is an example of a wearable monitoring system designed for
first responders. Being an evolution of VitalJacket R©, VitalResponder has a wider range of
embedded sensors and accepts different external sensors that enable the measurement of
not only vital but also environmental parameters, making it a resourceful tool capable of
delivering reliable monitoring for first responders. VitalLogger is a prototype of a wearable
health device that seeks to expand the sensing capabilities of the VitalJacket, and that
can therefore be integrated in VitalResponder in the future.
Work developed in this thesis is part of a greater project, which has contributions
from two other MSc students. The aim of this greater project is to aggregate data from
diverse vital signs and environmental parameters. Figure 1.1 presents a basic view of this
project, where the hardware and low-level firmware part of VitalLogger will be developed
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Figure 1.1: Basic overview of the component architecture where this thesis is inserted.
by another student’s Master Thesis, and the aggregator module that condenses data from
all devices, VitalX, will also be developed in another student’s Master Thesis. This Master
Thesis is focused on the high-level firmware and SDK for VitalLogger, with the aim of
being integrated in the future in other systems such as in the VitalResponder. This will
be explained in more detail in Chapter 3.
This Master Thesis was developed in the Faculty of Engineering of the University of
Porto and INESC TEC Porto, in collaboration with Biodevices SA. Work developed in
this thesis dealt with existing wearable health devices as well as with prototypes, and had
the objective of upgrading those systems according to the specific needs of First Respon-
ders. This work was included in an I&D group hosted at INESC TEC, the Biomedical
Research and INnovation LABoratory (BRAIN-LAB), and supervised by Professor Ph.D.
João Paulo Cunha.
Furthermore, during the time of this thesis, a three month undergraduate internship
was completed at Carnegie Mellon University, Pittsburgh, in the Human Sensing Lab
(Robotics Institute), with a small evaluation report from this internship being provided
in Appendix A.
1.2 Motivation
Wearable health devices is a growing market that is attracting a lot of attention. Among
its various areas of interest, one of the most renowned is that of clinical applications,
where these solutions enable continuous monitoring vital signs in a more comfortable and
practical way than the commonly used solutions.
Despite existing considerable availability of wearable monitoring solutions for clinical
environments, there is a market gap for solutions directed at first responders. First respon-
ders can be split into diverse working groups, such as civil protection rescuers, firefighters,
paramedics and police officers. As each group has specific user needs, implemented so-
lutions have to be either too generic, where the systems have a wide range of sensing
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capabilities to cover most of the needs of the different first responders, or be specific,
being designed according to the specific needs of a given group of first responders.
Since this is an area of Biomedical Engineering that I find specially interesting, this
Master Thesis is a great opportunity to apply my knowledge, even more when there
is collaboration with a portuguese company that works on biomedical system solutions,
Biodevices SA.
Work developed in this thesis has the objective of implementing a new wearable health
device, that can be used as an extension of the existing solutions, and using that system to
build new features that suit the specific needs of First Responders, more specifically those
of firefighters. As firefighters are exposed to enormous stress and hazardous conditions
while working, which can put their life at risk, this wearable device aims to make their
job more secure, while also enabling them to improve their performance.
1.3 Objectives
In this thesis, it is proposed to work with VitalLogger, in collaboration with a portuguese
company which works on Biomedical Engineering solutions, which is Biodevices SA. Work
developed on the VitalLogger is expected to increase VitalResponder’s scalability, as by
integrating, in the future, the new functionalities of VitalLogger in VitalResponder, will
make VitalResponder a more capable and intelligent system.
More Information Better Information
Figure 1.2: Workflow of the work to develop in this Master Thesis, in order to accomplish
the defined objective of having a system that provides first responders with not only more,
but better information, that suits their user requirements
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The objective of this thesis is centered on first responders, more specifically on firefight-
ers, and it is to provide them not only with more information, but also better information
that suits their specific requirements as a target group of wearable health systems. Since
first responders already use existing wearable solutions, such as VitalResponder, the ob-
jective of this thesis can be accomplished by intervening on those wearable solutions,
improving their sensing capacities, and the way they provide information to first respon-
ders. As these wearable solutions are used by groups of first responders, in the case of
VitalResponder by groups of 5 firefighters, a lot of data is sent to the fire chief who is
commanding the firefighters, therefore it is crucial to provide only the necessary informa-
tion, and in the most intuitive way possible. A schematic representation of the objective
of this thesis is presented in the top part of Figure 1.2.
In order to meet these objectives, a workflow was designed to address different issues
of the final objective, and it is presented in Figure 1.2. This workflow was divided in
three steps. The first step consists in adapting a wearable system to newly implemented
sensors, which enable the acquisition of novel physiological and environmental data, thus
rendering more information.
Naturally associated with a system that senses more variables and gathers more data,
comes the problem of having enormous amounts of information to provide to the first
responders. Since it is important to provide only the most relevant information to the Fire
Chief commanding the units, the second step aims to implement a system that intelligently
selects data being acquired by the sensors, so that data redundancy is minimized and only
the important information is given to the Fire Chief. Also in this step, and due to the
requirements of first responders, information is provided in a more intuitive way to the
Fire Chief.
Finally, there is important information on the physiological status of first responders
that is very hard, or even impossible to acquire using sensors, namely fatigue indexes.
While this information can be extracted from other physiological parameters, easily sensed
with the current wearable system, this information is not perceptible for the user, so it
must be provided in an intuitive approach. Therefore, step 3 aims to implement a system
that extracts important, non perceptible information from currently measured data, that
can be provided to the Fire Chief in a way that can be intuitively analysed, and used to
manage human resources more efficiently.
With the final improved system, it is expected to be able to monitor more efficiently
first responders’ stress and fatigue, while these operate in critical scenarios.
1.4 Structure
This Master Thesis is structured in four chapters, including the present chapter of intro-
duction. The second chapter contains a review of the state of the art. The first part of
the state the art presents an overview of common wearable health systems (WHS), shows
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some of the existing wearable solutions, either in prototype phase or as a final product
available in the market, both for clinical scenarios and for first responders. Moreover, this
part explores the specific needs of first responders in what concerns WHS and presents a
brief vision of the WHS market.
Still in the second chapter, the second part of the state of the art presents a description
of the most important vital signs to be measured, and its respective sensing techniques.
Finally, in the third part of the state of the art, VitalJacket R© technology and the Vital-
Responder project are explained.
In the third chapter, the development phase of this thesis is presented. This chapter
goes through the three steps of the workflow presented in Figure 1.2. The first step
describes the adaptation of a wearable health system, VitalLogger, to newly implemented
sensors, and also the preparation of the system for the addition, in the future, of other
sensors that might be needed. The second step describes the implementation of a system
that intelligently selects data acquired by sensors, so that only important information is
used. This step reduces data redundancy, and, also in this step, selected data is provided
to Fire Chiefs in a more intuitive way. Finally, the third step describes the development
of a system that extracts important measures for first responders that are hard to, or
even cannot be acquired with sensors, but instead by exploring the relations between
other physiological signals that are currently measured by the existing wearable solutions.
These extracted measures can be used to provide relevant information about physiological
status of the first responders, in a more intuitive approach.
In Chapter 4, which is the final chapter of this thesis, conclusions on the work devel-
oped during this thesis are presented, as well as some suggestions for future work that
can help improving even further the wearable sensing solutions that are VitalLogger and
VitalResponder.
1.5 Main Contributions
This thesis had two main contributions, with the first one being related to the improvement
of personal skills and knowledge, and the second one with the achievement of a more
capable and intelligent wearable system, that will hopefully, in the future, be placed in
the market as a biomedical engineering solution that is useful for first responders.
In what concerns the personal component, this thesis was a completely new challenge
that presented many difficulties during its course, specially because it dealt with unknown
areas that were not explored during the course of my studies. The opportunity to work
with employees from Biodevices SA was definitely a major asset, as it gave me the op-
portunity to work with experienced people that used their experience to help me learning
and improving. Their full support and commitment was crucial to help me understanding
their systems, so that I could successfully develop my work. Moreover, the chance to leave
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the academia context, transition to the “real world”, and work on a product that might
be used by other people in the future, greatly stimulated my personal growing.
In what regards the second contribution, the work developed in this thesis helped
creating a new system that can be integrated with the existing ones, evolving them and
making them more capable and intelligent. Hopefully, the implemented solution can, on
the one hand, provide firefighters with the necessary tools to make their job safer and
increase their performance. On the other hand, it is hoped that the implemented solution
can help Biodevices SA expanding as a company in the future.
It must be referred that the collaboration with Biodevices SA was only possible because
of the non-disclosure agreement with INESC TEC. This thesis was developed at INESC
TEC, enabling greater proximity between INESC TEC and Biodevices SA, which in turn
enabled easier knowledge transfer with Biodevices SA during this thesis.
Chapter 2
State of the Art
The development of innovative technologies and solutions is fostering progress in the con-
cept of personalized healthcare. Due not only to the open-minded and technology con-
suming nature of our society, but also to increasing interest in active health monitoring
(self-tracking or quantified self) [2], citizens often avail of these developments as new tech-
nologies end up being incorporated in a wide range of devices (e.g. smartphones).
Personal health systems (PHS), which is a recent concept (introduced in the 1990s),
started being deployed due to the personalized healthcare approach. PHS are about plac-
ing the individual citizen/patient right in the centre of the healthcare service, increasing
his power and likewise his responsibility in the management of his own health. The main
goal with PHS is to improve quality of care whilst reducing healthcare cost by having a
proper and efficient use of technological capabilities [3].
Since its introduction, PHS have evolved and new specific categories were defined,
namely wearable health systems. Wearable technologies possess particular interest and
are herein explored as they may play a central role in the “quantified self” movement, and
are a major asset in the personalized health challenge [4].
Wearable systems can be used to measure a wide range of signals, being it vital signs
or even environment related variables (e.g. ambient temperature, humidity, etc). These
systems enable the acquisition of enormous amounts of data, from which precious infor-
mation can be extracted directly. However, data sets can often be underexploited, as more
complex information cannot be retrieved through the common, intuitive approaches. In
order to explore data sets closer to their full extent, approaches based on data mining and
machine learning must be deployed.
In this chapter, a brief definition and overview of WHS will be presented, as well
as some existing products in the market, that are either targeted at healthcare or first
responders market segments. Then, some of the most important vital signs that can
be acquired with wearable systems will be presented and explained, followed by a brief
overview on the fields of data mining and machine learning. Finally, VitalResponder,
which is the system used in the work herein presented, will be briefly explained.
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2.1 Wearable Health Systems
2.1.1 What are WHS?
Wearable systems can be defined, in a broad extent, as mobile electronic devices that can
be embedded, unobtrusively, in pieces of clothing and accessories, presenting the advantage
of being operational and accessible without interfering with user activity [5]. While these
systems can vary from micro sensors seamlessly integrated in textiles to head mounted
displays [5], natural trend aims for miniaturized, integrated, networked, digitalized and
standardized (MINDS) devices [6].
These systems are extremely versatile and can be designed and developed specifically
targeting health related applications, thus fitting in the branch of WHS. Initial interest
in WHS originated from the need to provide healthcare services outside hospitals and
monitor patients over extensive periods of time, whilst enabling patients to carry their
normal life during the process [3]. With WHS enhancing healthcare services away from
medical facilities, a new paradigm in remote patient monitoring emerged.
Concerning current standards, monitoring devices can only be accepted and used for
remote health monitoring if there is a comfortable sensing interface and easiness of use
and customization. Moreover, the interface must combine continuous and real-time remote
control with perfect integration with users’ daily activities, without causing any interfer-
ence whatsoever [7]. Textile approach, where sensors are embedded in pieces of clothing,
allows long-term monitoring of patients at low cost, with the additional advantage of
enabling customization of sensor configuration according to each user needs [7]. While
implantable devices must be made with biocompatible materials in order to prevent re-
jection by biological tissue, on-body devices are less prone to biocompatibility constraints
and have more flexibility in terms of materials. However, in order to provide safe long-term
usage, it is recommended that on-body devices are also built with biocompatible materials
[8].
In more advanced systems, which can be called intelligent WHS, integrated systems
are not only able to sense, process and communicate biomedical, biochemical and physical
parameters, but also capable of carrying out actions for the user, in case necessary [3].
These systems increase user’s level of awareness and allow a better control of his own
health status by providing direct feedback, which is a crucial aspect when monitoring
professional workers engaged in extreme environmental or stressful conditions, as is the
case of first responders [1, 7].
While there are some hurdles posed by technology that restrain implementation of
WHS, namely energy supply, power consumption, price and size of the devices, seamless
connectivity or even interoperability [9], current progress has managed to partly address
some of these issues. Regarding energy supply, which is currently a major handicap, devices
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capable of harvesting energy from the surrounding environment have already started to
be studied and developed [10].
2.1.2 Communication in WHS
2.1.2.1 Networks in WHS
WHS are usually integrated in complex systems that comprise much more than wearable
sensing technology. For instance, the increasing amount of sensors to be worn or implanted
on the users, quite often at several different body parts, triggered the need to develop a
networking system capable of connecting this sensing “infrastructure” [10]. These networks
are responsible for the data routing from sensors to the required destination [11]. In order
to fully understand how a WHS works, it is necessary to explore the networking domain
where some interrelated notions arise, such as Body Area Network (BAN), Body Sensor
Network (BSN) and Wireless Sensor Network (WSN).
On the most general level, WSNs usually involve large numbers of low-cost, low-power
and tiny sensor nodes, with each node having a predefined set of components: sensors, mi-
crocontroller, memory and radio transceiver [12]. This set of components grants each node
sensing, computing, storage and communication capabilities [8]. WSNs can be deployed
for environmental and health monitoring, battlefield surveillance, etc [12].
When various physiological and biomedical sensors are placed around the human body
and interconnected through a network, a BAN is established. If each node from the con-
necting network possesses a sensor or medical device with a sensing unit, we can then
refer to it as a BSN rather than a BAN [10, 12]. Connecting all sensors by means of a
network presents clear advantages, as it enables centralization of data gathered from dif-
ferent sensors, which can be sent to external networks for remote processing. Furthermore,
it enhances control, scheduling and programming of the whole system, which allows the
system to adapt according to present body condition and external environment. These
advantages culminate in an optimization of resource usage [10].
Wireless communication is a key asset, and mandatory if we want systems to go mobile
and ubiquitous. There is, however, a significant trade-off between energy consumption
and data volume to exchange, distance to communicate and needed uptime. The more
demanding the three former aspects, the lower is the expected battery life time, thus
communication protocol selection is an important task that must be thoroughly analysed
for each situation [9].
Nevertheless, future prospects in next-generation WSNs are bright since they will
have two significant features: massive use of energy-efficient nodes that extend networks’
working time, and dramatically increased network throughput that allows, for example,
streaming of multiple high definition videos captured by optical sensors. These will prove
useful for applications aimed at first responders, such as large scale emergency rescues
during natural disasters [13].
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Figure 2.1: A three-tier system architecture of a BAN communication framework. Adapted
from [8, 11].
Bear in mind that WSNs designed for health related solutions, such as WHS, need
special care in certain aspects, when compared to “general-purpose” WSNs. Some of the
most important aspects to take into account are: devices have a very small form factor,
which limits available energy resources; transmit power per node must be low to minimize
interference and to cope with health concerns; devices must be robust against frequent
changes in network topology and channel variability, since these devices are located on the
human body, where motion is frequently a reality; manipulated data is critical thus high
reliability and low latency are required and, finally, devices are heterogeneous due to its
different requirements in terms of resources, namely in data rate, power consumption and
reliability [8].
2.1.2.2 System Architecture: A hierarchical view
When analysing WSNs regarding its organization, a hierarchical perspective of systems’
architecture can be adopted. Most WSNs can be decomposed in a three-tier system
architecture [8, 11], as depicted in Figure 2.1. Evidently, tier composition may differ
slightly from the one in the presented scheme, with changes occurring according to the
purpose of the designed WSN (i.e. military WSNs differ from healthcare directed WSNs).
The lowest tier (tier 1) connects all sensor nodes within the BAN to a local collector,
usually called BAN coordinator (BANC), where information collected from sensors is
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Figure 2.2: Representative scheme of a multihop communication process. Retrieved from
[14].
centralized. The coordinator can be a device such as a smartphone or PDA [8]. Since
sensors in a BAN tend to have tiny dimensions and limited energy resources, it is wise
to route data into a coordinator with better technical resources, since it boosts systems’
energy efficiency. During this routing procedure, nodes can forward information from and
to other nodes, instead of sending it directly to the coordinator [11]. This process is called
multihop communication and can be observed in Figure 2.2.
Some of the commonly used communication protocols in this tier are Bluetooth, Wi-
Fi and ZigBee [8, 9]. ZigBee wireless technology operates on IEEE 802.15.4 and is a
standard for robust, low-cost and low-power mesh networks [15, 16, 17]. This standard is
widely accepted and deployed as it enables multihop communication, thus being useful for
BAN applications as aforementioned. It should be noted that, in this tier, communication
protocol selection is paramount as it must take into account sensor heterogeneity, whilst
securing reliable communication within the network.
In the intermediate layer (tier 2), the BANC can connect to multiple mobile computing
platforms, such as cellular devices, gateways and local coordinators. At this level, data
can be processed in structures such as the local coordinators, where relevant information
can be extracted to assess and control tier 1 structures. It is also possible for BANCs to
connect to other BANCs, but in this case data cannot be forwarded to tier 3 unless the
receiving BANC connects and sends the data to a local coordinator, gateway or cellular
device. In what concerns communication protocols, data can be routed through Bluetooth,
Wi-Fi and ZigBee protocols [8, 11].
The last and upper level (tier 3) is considered the long distance communication level.
Information is routed from tier 2 structures mainly through Wi-Fi protocol, but also
through GPRS, 3G and more recently 4G. Routed data is placed in IP-based networks
where different structures can access, process and analyse it in real time [8, 11]. Relevant
data can be explored in order to control lower tier infrastructures.
Due to constant technologic evolution, wireless communication protocols described
within this architecture are not immutable, and other protocols such as Radio-frequency
Identification (RFID) and IPv6 over Low power Wireless Personal Area Networks (6LoW-
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PAN) can also be used [9]. More recently, great interest has been placed on IEEE 802.11ac,
which is a standard of the Wi-Fi family. This new standard allows increased link through-
put up to 1 Gigabits per second, bringing exciting prospects for next-generation WSNs
[13].
Some frameworks go even further and categorize devices in the communication frame-
work considering their energy levels, with type 1 devices being directly connected to power
sources, type 2 having replaceable batteries and type 3 non replaceable batteries [11].
2.1.3 Current Solutions
WHS are used in a broad scope of applications, comprising healthcare and military appli-
cations, or even personal usage considering the wide spreading paradigm of the quantified
self. A list of various wearable biomedical measurement systems can be seen in [18].
Herein, some of the existing WHS solutions implementing different measurement systems,
either in prototype stage or already in the market, are briefly presented.
2.1.3.1 Prototypes
ANTREC Project
ANTREC Project is an ongoing project developed in the scope of the Spanish Future
Combatant Program (ComFut), a program created by the Spanish Ministry of Defense.
This project seeks to develop a set of sensorized garments capable of measuring, non-
invasively, galvanic skin response (GSR), body temperature (BT), ECG, thoracic electrical
bioimpedance (TEB) and voice recording for speech analysis, in order to assess through
real-time monitoring the stress levels of combatants [19].
Figure 2.3: Schematics of the sensorized glove. (a) Upper view. (b) Cross-sectional view
of the glove at the proximal phalanx in a perpendicular plane to the palm. (c) Palm view.
(d) Prototype of the sensorized glove connected to the measuring unit fastened to the
wristband. Adapted from [19].
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(a) Upper arm strap. (b) Chest strap system for ECG and TEB
electrodes.
Figure 2.4: Chest and arm strap monitoring systems. Adapted from [19].
This prototype system is based on several different measurement systems. By combin-
ing them with different sensorized garments, it was possible to change the position and
modalities of the different sensors, creating various distinct measurement configurations.
Three measurement devices were created to assess different physiological signals. The
first piece of garment is a sensorized glove that has two textiles electrodes (textrodes)
integrated on the inside of the glove, used to measure GSR, and a temperature sensor
placed at the tip of the ring finger, used to measure peripheral skin temperature [19].
GSR textrodes and temperature sensors are cabled to a measuring device that is fastened
to a wristband. The glove can be seen in Figure 2.3.
The second device is an upper arm strap with two textrodes to sense GSR, and a digital
thermometer integrated in the inner lining of the strap to measure skin temperature [19].
The prototype version of this strap can be observed in Figure 2.4a.
The third piece of garment is a chest strap with repositionable textrodes. Two textrodes
are used to record 1-lead ECG, and four are used to measure tetrapolar TEB. Textrode
placement can be changed around the thorax and abdomen to manipulate cardiac and
respiratory components, thus it is possible to perform “single” or multi-parametric signal
recordings [19]. The chest strap is presented in Figure 2.4b.
Finally, as this project includes voice recording for speech analysis, a water and shock
resistant smartphone was used, running a customized Android application that was specif-
ically designed and programmed for this purpose. Speech recordings are stored in an SD
card.
SQUID
SQUID is a sensorized shirt with smartphone interface that is targeted at exercise mon-
itoring and home rehabilitation. The smart shirt has 6 vibration motors, a compression
shirt with holes and wirings for 13 surface EMG electrodes, a wireless HR detector on the
torso, and embedded wirings connecting the sensor mesh [20].
SQUID system acquires muscle activity, with a six-channel EMG, and HR data, storing
data in an online database for more complex evaluations. Regarding EMG, 12 electrodes
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Figure 2.5: SQUID system’s schematic and physical components: 1- Smart shirt, 2- Elec-
tronic case for the data amplification and acquisition circuit, 3- Smartphone, 4- Online
database, 5- Personal computer. Retrieved from [20].
are used in the six-channel EMG, with the extra electrode being used as reference to reject
offset voltage from skin-electrode resistance.
The system does also deliver effective haptic and audiovisual biofeedback to the user
through two mechanisms: vibration motors integrated in the shirt and a smartphone
graphical user interface. Since auditory (beeping) and visual (LED indicators or graphs
on displays) feedback can be distracting to people nearby or to the user, vibration motors
were integrated. These motors are triggered when peak EMG activity is below a given
threshold. The developed smartphone application connects to the shirt via Bluetooth,
stores data received from the shirt, and presents it to the user. The application is used to
calibrate the EMG sensors, and does also send data to the online platform, where it can
be accessed by users. As home rehabilitation is one of the domains SQUID is aimed at,
the online platform can be used by physicians to control patient exercising and recovery,
hopefully increasing rehabilitation success in the process [20].
2.1.3.2 Marketed Solutions
EQ02 LifeMonitor
This monitoring system, produced by EquivitalTM, is marketed as the world’s leading multi
parameter, ambulatory monitoring device. This device uses a modular approach and, in
order to measure physiological signals, different external sensors must be connected to
the central module either by wired or wireless connection. The system supports external
EquivitalTM sensors and third party complementary sensors.
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Figure 2.6: EQ02 LifeMonitor, a multi parameter ambulatory monitoring device by
EquivitalTM. Retrieved from [21].
In terms of data, this system can monitor 2-lead ECG, HR, R-R interval, respiratory
rate, skin temperature, acceleration in X/Y/Z axes, body position, motion status (with fall
detection), oxygen saturation (SpO2), GSR and even localization through GPS. Except
for SpO2, GSR and localization, all channels of data can be output simultaneously. The
system does also have alarms to alert the subject when necessary.
EQ02 LifeMonitor can save data streams in its memory for later access, or transmit
it in real time into other platforms. Regarding its key features, this device has very high
data quality, is lightweight and optimised for long wear comfort, and has flexible software
platforms so that third party application developers can create new modules. This device
is certified and has clearance by FDA and CE Marking [21].
BioHarnessTM 3
BioHarnessTM 3 is a compact physiological monitoring module produced by ZephyrTM,
a global leader in real-time physiological and biomechanical monitoring, or Physical Sta-
tus Monitoring (PSM) solutions for mHealth, Defense, First Responders, Training and
Research markets [22].
Figure 2.7: Three different garment solutions, produced by ZephyrTM. Each garment is
specifically designed for the BioHarnessTM 3. Adapted from [22].
16 State of the Art
Figure 2.8: BioHarnessTM 3, a BioModule with three versatile harnessing solutions. Re-
trieved from [22].
The compact and rechargeable monitoring module can be harnessed in three differ-
ent ways: on a module holder with standard ECG electrodes placed on the sternum [23],
on a chest strap with a module holder and on ZephyrTM designed shirts that also pos-
sess a holder where the module can be placed. These three solutions can be observed in
Figure 2.8. Since this module can be used in a wide range of situations, ZephyrTM de-
signed different types of garments for distinct situations and environments [22]. Currently
available garments are shown in Figure 2.7.
In what concerns measuring capabilities, the basic module is capable of measuring
HR, R-R interval, breathing rate (BR), posture, activity level and peak acceleration. An
additional GPS module can be integrated with the shirt solutions, as they have a specific
pocket created for that purpose. GPS data can be used to obtain additional measurements
such as speed, data and localization. However, solutions targeted at specific markets, such
as that of First Responders, expand their capabilities beyond the previously referred set
of measuring capabilities. For instance, the system aimed at First Responders can provide
non-invasive core temperature (CT) estimations, using an algorithm based on a Kalman
Filter and heart rate measurements [24].
Regarding connectivity, measurements are sent to a mobile platform through Blue-
tooth, where they can be processed and analysed. This mobile platform can work as a
central monitoring station, to whom more than 50 monitoring modules can connect, thus
BioHarnessTM 3 is a useful solution when team management is a concern [22].
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2.1.4 First Responders
First responders are a specific market segment of WHS and BSNs, therefore specific user
needs must be taken into account when designing solutions for them. Herein, a brief
description of first responders’ user needs and of two of the most relevant existing solutions
is provided.
2.1.4.1 User Needs
First responders frequently operate in dangerous scenarios, where they cannot be directly
monitored [1]. For instance, the United States Fire Administration estimated that 50%
or more of firefighter line of duty deaths are caused by stress and overexertion [25, 26].
Therefore, the development of systems capable of remotely monitoring first responders’
activity and alerting them in case of emergency is paramount. Due to the harsh nature
of environments where first responders operate, these systems must fulfil various criteria,
including high mobility, reliability, fast response, tight security, low energy consumption,
among others [12]. Since first responders’ health status depends on the environmental
conditions, created solutions must integrate physiological and environmental sensors.
As previously mentioned, first responders are a specific market segment that presents
specific user needs. However, first responders can be further divided in different groups,
where user needs in terms of variables to be monitored, operative conditions, and com-
pliance to European Standards are even more specific. Three of the most important and
representative groups are civil protection rescuers, urban firefighters, and forest firefight-
ers. Each of the previous groups had its requirements thoroughly analysed in [1].
Civil protection authorities marked current drawbacks in interventions management as
their major problem. Therefore, they requested improvements in remote transmission of
information to identify the actual entity of the emergency, such as in real-time localization
of numerous rescuers in large intervention areas. These areas may have no pre-existing
communication networks, thus communication protocols must be carefully selected [1].
Forest firefighters’ authorities share the aforementioned request, as they mostly operate
in large areas with no available communication networks. Moreover, detection of environ-
mental threats, such as the presence of high concentrations of toxic gases, is needed to
launch immediate alarms to the rescuers. Monitoring of operators’ vital signs is also very
important, in order to prevent possible conditions of physiological distress due to harsh
working conditions. In case of emergency, the system must be able to launch an alarm to
the intervention managers, who coordinate first-line rescuers from command posts located
near the affected area [1].
Urban firefighters mainly operate in small operative areas, with smaller working teams
where workers can often be visually monitored, hence their requirements are different
from those previously mentioned. Environmental sensing is a prime concern as working
conditions can be critical, with the presence of fire, toxic gases and possible explosions.
18 State of the Art
Figure 2.9: Garment solutions developed during the 3rd generation of the ProeTEX
project. From left to right: fireproof t-shirt or inner garment; boots; jacket or outer
garment. Retrieved from [28].
Consequently, a real-time monitoring of these variables must be performed in order to
trigger alarms to the rescuers and command posts in case of emergency. Urban firefighters
do already use commercial toxic-gas sensors and activity monitors (to detect extended
periods of immobility), however the former produce false alarms that can interfere with
normal working activity. In this line of sight, urban firefighters request more accurate
systems that can reduce the existing number of false alarms [1].
2.1.4.2 Current Solutions
ProeTEX Project
ProeTEX is a project that was carried out by a consortium of 23 partners from eight
European countries [27]. This project was designed to have three generations, with a new
version of the set of smart protective garments, for firefighters and civil protection rescuers,
being developed in each generation. These garment sets are capable of acquiring phys-
iological activity and environmental parameters, whereas the information transmission
infrastructure allows remote data communication, relevant data detection, and generation
of feedback to the users [1].
Each set of garments is composed by a pair of boots, a fireproof t-shirt or inner garment
(IG) and a jacket or outer garment (OG). The third generation of the produced garments
is shown in Figure 2.9. Each set has measuring systems that can measure HR, BR, BT,
SpO2, environmental temperature, concentration of toxic gases such as carbon monoxide
(CO) and carbon dioxide (CO2), operator’s activity and absolute position and speed.
The IG is targeted at the monitoring of operators’ physiological signals, and has sensors
for the measurement of HR, BR, BT, SpO2 and dehydration. As this garment is in direct
contact with users’ skin, operator comfort is a key requirement. Therefore, sensors are
embedded in the textile. This t-shirt has two main sections: an elastic region where
all textile sensors are included, and a region containing detachable on-board electronics.
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Figure 2.10: Information management network used in ProeTEX project. Retrieved from
[1].
Textile-conductive cables are integrated in the shirt to connect the textile sensors and
electrodes to the electronic modules. The detachable on-board electronics acquire signals
from the sensors, which are then forwarded into a BANC placed in the OG [1, 28, 29].
The boots satisfy EU standards and have integrated sensors and energy harvesting
elements. A CO2 sensor is placed in an electronic module in the boots as this gas is
heavier than air, and starts to accumulate at ground level. The CO2 module processes
acquired data and sends it to the BANC through a ZigBee module [1, 28].
The OG includes the measuring systems for assessing operator activity status and
monitoring the surrounding environment. This piece of garment is produced in three con-
figurations depending on the targeted users: civil protection rescuers, forest firefighters
and urban firefighters. All configurations possess two triaxial accelerometers, a textile mo-
tion sensor, a CO sensor and an external temperature sensor. Since CO is an extremely
toxic gas with density comparable to air, the CO sensor module is placed near the user’s
mouth and nose, in the OG lapel. Forest firefighters and civil protection rescuers have an
integrated GPS module, whereas urban firefighters do not. As urban firefighters operate
inside buildings, where reliable GPS signals are rarely available, there is no point in in-
tegrating a GPS module in their garments. Additionally, a heat-flux sensor was included
in urban and forest firefighter’s OG, to prevent operators’ sudden uniform burning, and
an alarm module was also integrated to launch visual and acoustic warnings when criti-
cal situations are detected by the sensors. Gathered data is sent to the BANC, which is
placed in the OG. Finally, the OG has two antennas that are connected to the BANC.
These antennas are responsible for the wireless transmission of the data acquired by the
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sensors [1, 28, 29].
In what concerns the communication network, the professional electronic box (PEB)
is the system core that collects data from all sensors, working as a BANC. This BANC
transmits the acquired data (with Wi-Fi protocol) through the two antennas placed in
the OG. This data is received by the local coordination workstation, and by self-powered
bridge modules placed in the intervention area that receive and remotely rebroadcast
data coming from operators, in real time. A second node, similar to the former one,
is connected to the emergency coordination workstation and receives the information.
Monitoring software running in the local coordination workstation processes data provided
from the operators’ sensors. This data is used as feedback for the operators, triggering
alarms when dangerous contexts are detected, hence the bidirectional information flow
between the operator and the local coordination workstation. Furthermore, alarms can be
triggered for other operators, in order to alert them of emergency situations. A scheme of
the global communication infrastructure can be seen in Figure 2.10 [1, 28].
WASPTM – Wearable Advanced Sensor Platform
WASP is an integrated system, created by a multi-disciplinary team, led by Globe, con-
sisting of Zephyr Technology (physiological monitoring module), TRX Systems (position
tracking module), Propel (textile development), Skidmore College Health and Exercise
Sciences (physiology science) with support from the US Army Natick Soldier Research,
Development and Engineering Center [25].
Figure 2.11: WASPTM system composed of: 1- a flame-resistant, moisture wicking, semi-
fitted, base layer shirt; 2- adjustable chest strap, embedded in the shirt, where the physio-
logical sensors are mounted; 3- belt with the TRX location unit; 4- Zephyr BioHarnessTM
3, a small electronic module that is attachable to the adjustable strap; 5- a Windows-
based monitoring station; 6- a wheeled hard case where the WASPTM system can be
stored, recharged and transported. Adapted from [25].
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Figure 2.12: Possible networking configurations used in WASPTM. Retrieved from [25].
WASP was designed to address two critical problems that were identified on the Inter-
Agency Board’s R&D Priority List: first responder wearable integrated electronics system
development, and 3 dimensional tracking of operators [30]. The resulting tool grants com-
manders the ability to track the location of team members, used to improve situational
awareness, and has the potential to shorten needed time for a Rapid Intervention Team
to rescue a downed firefighter.
The system consists of a comfortable, flame-resistant shirt with sensing modules, and a
monitoring station that receives data from shirts. The shirt has physiological monitoring
technology due to the integration of the Zephyr BioHarnessTM 3, a small, sensing mod-
ule that measures HR, heart rate variability, BR, activity levels, posture, among other
physiological parameters. This module is attachable to an adjustable chest strap where
the physiological sensors are embedded. Moreover, a TRX location unit, which is worn
on a belt at the waist, provides positional data in 3D in indoor environments where GPS
systems are usually a nonviable solution. The location unit permits ready integration with
Motorola APX radios and Android smartphones. Finally, a Windows-based monitoring
station, which can receive data from multiple WASPTM wearable systems simultaneously,
processes physiological and location data in real time and displays it on an easy to under-
stand graphical user interface. The overall system is presented in Figure 2.11 [25, 26].
Finally, in what respects to WASPTM’s communication network, two different ap-
proaches are possible. In both configurations the garment connects to a BANC, which can
be an Android smartphone running a programmed application or a Motorola APX radio,
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through a Bluetooth connection. These two approaches are represented in Figure 2.12.
If the BANC is an Android smartphone, both the TRX unit and Zephyr BioHarnessTM
3 can connect directly to the BANC. Location and physiological data is sent from the
sensing modules to the BANC, which can then forward data to the monitoring station via
Wi-Fi or 3G/4G protocols.
However, if the coordinator is a Motorola APX radio, Zephyr’s module has to forward
its data to the TRX location unit, which can then send location and physiological data
to the BANC. In order to communicate with the monitoring station, data must be sent
from the BANC to another Motorola APX radio, at the monitoring station, via P25
radio network [25, 26]. Project 25 (P25) is the standard for the design and manufacture
of interoperable digital two-way wireless communications products, and has worldwide
acceptance for public safety, security, public service and even commercial applications
[31].
2.1.5 Market Analysis
Wearable technologies possess plenty of potential, having raised interest from diverse fields
such as that of augmented reality. While the concept of augmented reality through wear-
able technologies is relatively recent, being discussed since the late 1990s, this area has
already experienced significant developments, with particular focus on the shift from bulky
devices to lightweight and mobile systems [32].
Figure 2.13: Wearable device market value from 2010 to 2018 (in million US dollars).
Retrieved from [33].
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Figure 2.14: Projected sales of MEMS and sensors for wearable devices, until the year of
2019. Sales are distributed per category of wearable device. Retrieved from [34].
The area of wearable technologies has been surrounded with increasing hype, mainly
due to its exciting market prospects. The market value of wearable devices is forecasted
to raise from 5.1 thousand million US dollars, in 2014, to a value just above 12.5 thousand
million US dollars, by 2018, as shown in Figure 2.13. This significant increase in market
value is expected to be driven by the introduction of influent products, such as the Apple
Watch, in the consumer market [33, 35]. Some analysts go even further, predicting that
wearable devices will surpass market expectations by a long margin, becoming the fastest
ramping consumer technology device to date [36].
These kind of devices are embedded with numerous electronic components, being con-
sidered the next big wave for microelectromechanical systems (MEMS) and sensors in
consumer electronics after smartphones and tablets [34]. Since systems tend to grow more
complex and resourceful in order to fulfil the upcoming needs of the different consumer
groups, wearable devices must follow the trend by incorporating increasing numbers of
MEMS and sensors [37]. Sales projections of MEMS and sensors specifically targeted at
wearable electronic solutions, up to the year of 2019, are presented in Figure 2.14 and
clearly illustrate the growth potential of this market.
Regarding the types of MEMS and sensors included in the above referred wearable so-
lutions, these mostly possess motion sensors, MEMS and sensors for user interfaces, health
sensors and environmental sensors. While motion sensors are currently the dominating
technology, the entry of new products in the market, such as the Apple Watch, is expected
to increase market representation of sensors for user interfaces and health sensors. More-
over, the entry of products like the Apple Watch is expected to accelerate the market for
sensors in wearables as a whole, greatly contributing to the growth of this area’s market
potential [37].
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More recently, wireless charging technologies have been developed that allow the charg-
ing of batteries wirelessly, naturally presenting utmost interest for the domain of wearable
monitoring devices. While this technology might take some time to effectively get into
the market, the integration of such technology in wearable electronic devices is expected
to further increase this field’s market potential [35, 39].
In what concerns possible applications for wearable technologies, these are already
deployed in various fields of interest. Figure 2.15 summarizes the most important sectors,
applications, functions and products in wearable technologies. In spite of having security
(military applications) and medical fields as the most relevant sectors until recent years,
latest technological developments have shifted the spotlight to consumer market, which
mostly comprises the areas of sports, fitness and infotainment [32].
In this work, interest is focused on first responders’ market segment, which fits in the
security/safety sector. While no values regarding market size of wearable technologies
for first responders were found in literature, the market size for first responders and law
enforcement robotics, which is related to that of wearable technologies, is said to be
growing to 3.7 billion dollars by 2016 [40]. Since market value of the wearable device
market has been increasing, and is predicted to explode in the near-future, this work
presents increased importance, for it addresses a great business opportunity.
2.2 Vital Signs
The recent paradigm of pHealth (personalized health) has brought portable and wear-
able technology to the domain of medical systems, and with the shaping of personalized
healthcare, new requirements arose. Current and future systems have to be able to monitor
users’ health condition on a continuous and non-invasive basis, whilst providing feedback
to users and/or medical professionals when these systems are used in a medical context
[10].
Depending on the intended purpose, a person’s health status can be measured through
the monitoring of various vital signs. The most important vital signs for medical systems,
as well as those required in first responders’ systems, are identified and briefly explained
in this chapter.
2.2.1 Vital Signs in the Medical Context
Wearable health systems face the everlasting challenge of measuring physiological pa-
rameters through non-invasive and continuous approaches. Current monitoring systems
manage to acquire diverse vital signs non-invasively, with major vital signs being HR,
ECG, BP, BR, SpO2 [10] and BT [41]. Gathered information can be used for possible
disease prediction or prevention [10].
Emerging technologies open prospects for new possibilities, thus leading to the devel-
opment of new monitoring approaches to assess a person’s health condition. One of these
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relatively recent areas attracting great interest is non-invasive biochemical measurement
of body fluids such as blood, saliva, tears and sweat [42].
2.2.1.1 Cardiac Activity - HR and ECG
Cardiac activity’s main characteristics can be captured through various physiological sig-
nals and parameters, which depend on the type of model considered. For instance, the
heart can be modelled as an electrical generator, a moving muscle, a pump or a noisy
pump [43].
Among the various cardiovascular parameters, HR, which is the number of heartbeats
per unit of time, is one of the simplest and, yet, most informative ones, thus being con-
sidered a major vital sign. Other signals, such as heart rate variability (HRV), which is
the variation in the time interval between each heartbeat (also known as beat-to-beat in-
terval), have attracted increased attention as indicators of cardiovascular system’s health
condition [10], but aren’t as deeply explored as HR and ECG.
As abovementioned, heart can be seen through multiple viewpoints. When considering
it an electrical generator, heart functioning is assessed through its electrical activity which
is recorded in the ECG signal. In order to measure it, electrodes are placed in direct
contact with skin [10]. While conventional practices use wet-contact gel-based silver/silver-
chloride electrodes, these are not suitable for certain applications. Recent developments
have led to the creation of dry electrodes and non-contact electrodes. Dry electrodes
can be based on rubber, fabric or foam, which is more appealing in terms of usability
and comfort. Choice may fall on softer materials as these conform more easily against
the skin, increasing comfort and contact area. Furthermore, dry electrodes have the
advantage of being integrable into clothes, constituting an unobtrusive way to acquire ECG
signal. These aspects make dry-contact electrodes more suitable for long-term monitoring
purposes [44, 45].
If the second approach is followed, considering heart a moving muscle, cardiac activity
can be measured with microwave sensors (Doppler transceivers), which are not in direct
contact with the skin. Systems with these sensors use Doppler effect to detect heart
movements, and can only acquire data about the rhythmic activity of the heart, lacking
the detailed morphology of ECG signal [10, 46]. The obtained signal can be used to
determine HR.
In the third viewpoint, where heart is seen as a pump, variations in blood volume
can be detected and quantified by sensing changes in the electrical resistance of the body
through sensors placed on the skin. Two different techniques can be used: impedance
plethysmography and photoplethysmography. The first one measures electrical resistance
in different parts of the body, whereas the second one uses a light emitting diode (LED)
specifically placed at peripheral sites, such as the fingertips and earlobes, to measure
transmitted or reflective light via a photodiode. This technique detects variations in
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blood volume since light absorption varies, according to Lambert-Beer law, as blood flow
changes [10], enabling the determination of HR and SpO2.
Finally, when heart is considered a noisy pump, the solution relies on phonocardio-
graphy (PCG). PCG consists in the acquisition of sound signals with a highly sensitive
microphone (in a PCG sensor), which are then filtered and processed in order to obtain
quantitative measurements of HR [10, 47].
2.2.1.2 Blood Pressure (BP)
Blood pressure is the pressure that blood exerts against the arterial wall, and is influenced
by cardiac output, peripheral vascular resistance, vessel wall elasticity, blood volume and
viscosity. As a major vital sign, BP provides a reflection of blood flow during heart
contraction (systole) and relaxation (diastole), and is one of the various indicators of
cellular oxygen delivery [41]. Moreover, BP is a vital sign that requires attention in every
individual since most subjects affected with hypertension are asymptomatic. Some studies
even point out blood pressure variability (BPV) as an independent indicator of morbidity
and mortality due to cardiovascular disease [41], thus it is of utmost interest to have
monitoring systems capable of continuously measuring BP.
Many wearable systems have been developed for BP measurement, either recurring
to conventional measurement techniques, such as the oscillometric method, or novel tech-
niques, such as arterial tonometry that captures radial pulse waveform [10]. Systems
using the latter technique do not need to be placed on the brachial artery, as is the case
of watch-type monitors which perform measurements over the radial artery at the wrist
[10, 48].
While conventional apparatus require cuffs, those based on novel techniques are head-
ing for a cuff-free environment [48, 49, 50]. These systems still need an external pressure
exerted on the wrist and its measurements are location-sensitive. Furthermore, these
systems have yet to evolve in terms of being wearable and unobtrusive [10]. Regarding
functioning, cuﬄess systems estimate BP from the transit time (PTT) and velocity (PWV)
of a pulse travelling along an artery [48, 50].
2.2.1.3 Breathing Rate (BR)
Breathing rate, or respiratory rate, is one of the most sensitive pointers for critical illness.
Abnormal BR can indicate respiratory distress, hypoxemia, and even be a predictor of
harmful events such as cardiac arrest [41].
Breathing acts on chest kinematics, leading to changes in thoracic volume in two differ-
ent compartments: the rib cage and the abdomen. The conventional method to measure
BR is direct spirometry, which does not allow monitoring outside medical institutions due
to technical equipment issues. However, as chest wall is divided in two compartments,
sensors can be placed in each compartment to measure changes in lung volume. This
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method is unobtrusive and has three variants that assess: changes in electrical impedance,
changes in electrical inductance and piezoelectric changes [51].
Inductive plethysmography (IP), which measures changes in electrical inductance, is
the gold standard method for assessing BR unobtrusively, and consists on the measurement
of changes in self-inductance of two conductive wires, placed around the rib cage and
abdomen, caused by motions of the chest wall [10].
Recent developments in the area of piezoelectric solutions have led to the creation of
wearable yarn-based piezo-resistive sensors. Measuring BR with this method is simple,
inexpensive, and more comfortable, thus these systems are considered the substitute for
conventional sensors [10, 51].
2.2.1.4 Blood Oxygen Saturation (SpO2)
Blood oxygen saturation measures the percentage of haemoglobin bound with oxygen, and
is a very important vital sign since human beings cannot survive for much time without
constant oxygen supply to the brain. Although it presents special interest for military and
space applications where gravity changes and other sources of stress can result in fatigue,
and ultimately, in blackouts, SpO2 can also be used to monitor aerobic efficiency of users
undertaking exercise routines, enhancing maximization of athletic performance [10].
The most frequently used devices to monitor both continuously and unobtrusively
SpO2 are pulse oximeters. These are often ring shaped and can also measure HR [10, 52].
Recent advances in textile electronics enabled sensor embedding in fabric, leading to the
development of more comfortable solutions such as the one described in [53].
It must be noted that in order to measure SpO2 effectively, pulse oximeters require
adequate peripheral blood flow, which can be impaired by many factors such as patient
movement or vasoconstriction. Moreover, pulse oximeters must be used with caution as
SpO2 measurements on anaemic users can be misleading, since these users can have normal
SpO2 levels despite having a lowered potential to carry oxygen [41].
2.2.1.5 Body Temperature (BT)
Body temperature is a vital sign that controls thermoregulation, for it presents the bal-
ance between heat production and heat loss in the body [10]. Since human bodies have
many elements in its composition that are defunctionalized above certain temperatures
(e.g. proteins denature and lose function above certain temperatures), controlling BT is
paramount.
BT can be divided into core temperature and skin temperature, and values between
these two temperatures usually differ. Skin temperature varies within a wider range of
temperatures than core temperature, as the body’s thermoregulation mechanisms regulate
core temperature. A factor that can affect skin temperature is blood circulation, as higher
blood circulation leads to an increase in skin temperature, hence skin temperature is also
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related with other vital parameters such as HR and metabolic rate [54, 55, 56]. Physical
exertion is linked to these factors, and is very important as it triggers the following cascade:
exercise leads to a demand for oxygen in the muscles, HR goes up to increase oxygenated
blood supply, and an increased metabolic rate leads to heat production that can be either
stored (increasing CT) or dispersed. This regulatory mechanism is viable within a 3 to
4 degrees Celsius temperature range. When exercise continues and heat is progressively
stored, the body increases blood circulation to the skin so that heat can be lost through
evaporative or convective processes, and in order to get this increase in blood circulation
the body has to increase HR beyond the levels needed for oxygen supply to muscles
[57]. External factors such as air circulation, ambient temperature and humidity play an
important role in this body temperature regulation mechanism [54, 55].
Different wearable systems have been developed to measure both temperatures, such
as skin-like arrays of precision temperature sensors or wearable adhesive devices to con-
tinuously measure temperature [58, 59, 60]. However, measuring CT through non-invasive
approaches still remains a huge challenge. Nowadays, rectal temperature is still considered
the gold standard for CT measurement, and while other techniques like the telemetric pill
allow for better usability, they face technical issues that influence the CT measurements.
For instance, telemetric pill’s measurements are greatly influenced by the ingestion of hot
or cold fluids, and while the pill is considered a less invasive approach than measuring CT
with a rectal probe, it still is not completely non-invasive and has the problem of being
inside the human body for a short period of time, which creates a logistical burden [56, 61].
It is very important to refer that while it is not possible to define a correlation be-
tween core temperature and skin temperature in normal conditions, when thermoregula-
tion mechanisms start failing, as described in the aforementioned physiological cascade,
variables like heart rate and skin temperature correlate more directly with core tempera-
ture [55]. Therefore, when skin temperature rises to values above 36oC, it can be used as
a proxy for core temperature prediction [54].
2.2.1.6 Biochemical Measurements
Human body has several vital analytes, such as blood glucose or lactate, which can be
non-invasively/mini-invasively measured in order to extract important information [10].
Chemical sensors and biosensors, such as optical, piezoelectric and electrochemical trans-
ducers have proved to be an attractive alternative for clinical diagnostics due to their high
performance, portability, simplicity and low cost, being electrochemical transducers the
dominating force. Electrochemical transducers do, however, pose the problem of relying
on blood samples, which hampers continuous monitoring [42].
These systems can be used for various purposes, ranging from optimum diabetes man-
agement, to continuous assessment of fitness level during trainings or even real-time de-
tection of pathogens in biofluids. Due to intensive study and research, sensors capable
of extracting information from saliva, tears and sweat have already been developed. As
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monitoring solutions are increasingly focusing on the non-invasiveness attribute, sweat is
one the most deeply explored biofluids [42].
Sweat possesses lots of information about a person’s health status as, for example,
sodium and lactate levels in sweat are, respectively, indicators of electrolyte imbalance
and physical stress. Wearable non-invasive electrochemical sensors for monitoring sweat
can be split into two main types: fabric/flexible plastic-based devices and epidermal-based
sensors.
Fabrics are in constant contact with skin and provide large surface area for embedded
electronics, being an excellent platform for these wearable sensors. Their major adver-
sity is the fact that intimate contact with the skin is restricted to certain regions. In
what regards its integrated sensors, these are mostly potentiometric sensors, but fabric-
based conductometric sensors for measuring the extent of dehydration have already been
developed [42].
Epidermal-based sensors allow direct sensing on the skin as the tattoo-based electro-
chemical sensors are placed on the epidermal layer of the skin, enhancing measurement
efficiency. Tattoo sensors are designed to resist skin deformation and, similarly to the
fabric based sensors, are mostly based on potentiometric technology. More importantly,
these systems are capable of monitoring analyte levels in a continuous manner [42].
2.2.2 Vital Signs in First Responders
First responders are subjected to harsh conditions that affect their physiological response.
In the specific case of firefighters, major factors that influence physiological response are:
individual health condition, fitness level, medication, hydration level, exertion of work
performed, elevated thermal environments, wearing heavily insulated protective clothing,
carrying heavy equipment and the exposure to extreme hazards during emergency re-
sponses [25, 26].
Since first responders are frequently exposed to extreme scenarios, it is crucial to con-
tinuously monitor their vital signs to increase tactical awareness and enhance personnel
safety. According to end-user requirements acquired through the enquiry of civil protec-
tion and firefighter entities, the most important vital signs to be continuously monitored
are HR, BR, SpO2 and BT [1]. Whilst BT can be split in core temperature and skin
temperature, core temperature is harder to obtain, specially in ambulatory environments
such as those where first responders are deployed [56].
Furthermore, there exist strain indexes which can provide insight on the fatigue and
strain experienced by first responders [54, 62]. Since it is frequent for first responders
to be engaged in physically demanding tasks while in high heat strain environments, the
Physiological Strain Index (PSI) is an interesting index to take into account [63]. PSI is
an index of heat strain that only requires measurements from core temperature and heart
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rate, and can be computed through Equation 2.1, where values with a 0 in the subscript
represent initial values for the given variables [54, 63].
PSI(t) = 5
Tcore(t)−Tcore(0)
39.5−Tcore(0)
+ 5
HR(t)−HR(0)
180−HR(0)
(2.1)
In what regards its analysis and interpretation, PSI values are considered safe when
comprehended in the range between 0 and 7.5, with 7.5 being defined as the risk threshold
for PSI. Values above this threshold represent potential risk situations [54, 63].
Besides monitoring physiological signs, due to the direct effect of environmental factors
in operators’ physiological response, it is relevant to continuously monitor the surrounding
environment as well. This can be performed by using systems with integrated sensors
capable of measuring environmental temperature, concentration of toxic gases such as CO
or CO2, and operator activity, speed and position [1].
Despite having a consolidated group of vital signs that is pre-established as a system
requirement, new findings keep discovering connections between vital signs and physio-
logical responses. For instance, stress can be assessed through the analysis of autonomic
nervous system (ANS) activity, as ANS controls body’s reaction to both internal and
external stimuli. ANS activity can be evaluated non-invasively by monitoring several
physiological parameters, such as the previously referred HR, BR and BT, but also GSR
and electroencephalographic activity (EEG signal) [19]. As the assessment of mental stress
during stressful and dangerous tasks is a very pertinent aspect to control, future solutions
for first responders might start integrating GSR and EEG sensors in their systems.
2.3 VitalResponder - pHealth for First Responders
VitalResponder is a first responder oriented project that consists in a monitoring system
specifically designed according to firefighters’ requirements, and that is capable of con-
tinuously monitoring both vital and environmental signs. This project results from the
application and adaptation of a wearable monitoring solution, the VitalJacket R©, for differ-
ent purposes, such as the monitoring of public transportation drivers and first responders.
Herein, VitalJacket R©, which is the base platform of these studies, will be first ex-
plained. Since the proposed work is focused on the segment of first responders, the Vital-
Responder system will also be further explained.
2.3.1 VitalJacketR©
VitalJacket R© is a wearable vital signs monitoring system commercialized by Biodevices
SA. It is designed to be a usable practical approach for different clinical scenarios, being a
reliable monitoring system whether used in hospitals, at home or on the move [64]. This
system is capable of monitoring vital signs continuously and with high signal quality.
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(a) Wearable monitoring shirt
and recording box where data is
stored/sent to other platforms.
(b) Monitoring possibilities in VitalJacketR©. Data can be
stored for off-line analysis or sent through a wireless con-
nection for real-time monitoring.
Figure 2.16: VitalJacket R© monitoring system by Biodevices SA. Adapted from [4, 65].
In what concerns certification, VitalJacket R© is certified according to standards ISO9001
and ISO13485, and is approved as a medical “Ambulatory ECG device” according to the
MDD directive 42/93/CE which regulates medical devices in Europe, being granted with
CE1011 mark [4, 64, 65]. Moreover, similar certification has already been attained in
Brazil, Colombia and Israel, making VitalJacket R© a potential key player in the market
of ambulatory cardiac monitoring systems [4]. VitalJacket R© is the first certified medical
device to combine mainstream biomedical engineering solutions with wearable solutions
[66].
VitalJacket R© has two main versions: VitalJacket R© 1L, which is a 1 lead ambulatory
ECG for long term use, and VitalJacket R© 5L, which is a 5 lead Holter system. The first
one is aimed at cardio training or cardiac rehabilitation exercise monitoring, whilst the
second is targeted at cardiac screening in patients with arrhythmias. Other versions such
as VJ Kids and VJ Baby have recently been developed, in order to enable the usage of
this monitoring technology in younger age groups [65].
While VitalJacket R© 1L is a basic version used for single lead ECG, VitalJacket R©
5L does also possess a triaxial accelerometer, making it the only Holter system with an
embedded accelerometer. In order to acquire the ECG signal, both systems require ECG
electrodes to be placed directly on the skin. By connecting some cables on the shirt to
the electrodes, ECG signal can be acquired and sent to a recording box. This small box,
which is placed in a dedicated pocket inside the t-shirt, has an SD card where data is
stored for off-line monitoring, and a Bluetooth transmitter that can be used to transmit
data to a PC or PDA in real time. These platforms can send data remotely to other
locations through Internet connection or GPRS/3G/4G mobile data networks [4, 65].
In Figure 2.16 it is possible to observe an example of a VitalJacket R© shirt with the
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recording box (Figure 2.16a), as well as a scheme of the communication network used
in this WSN (Figure 2.16b). Similarly to the WSN architecture previously described in
Chapter 2, VitalJacket R© implements a three-tier architecture with a BAN (shirt) and
BANC (recording box) – tier 1, local coordinator (PC or PDA) – tier 2, and server or
IP-based network – tier 3.
In order to process and analyse acquired data, software suites were developed for each
solution, being VJ Rehab used with VitalJacket R© 1L and VJ Holter Pro with VitalJacket R©
5L. Both suites extract plenty of information from the ECG signal, namely ECG, HR and
HRV signals. However, VJ Holter Pro is a more resourceful platform, being able to
automatically analyse, identify and separate ECG signal by class and morphology, and to
correlate information between ECG and patients’ level of activity due to the integration
of the triaxial accelerometer in VitalJacket R© 5L [4, 65].
2.3.2 VitalResponder
VitalResponder 2.0, or VR2 for short, is an ongoing interdisciplinary research project
involving various institutions, and is the natural evolution of two successful projects: Vi-
talResponder and FUMEXP [67, 68]. VitalResponder project came up from the idea of
evolving VitalJacket R© technology into some innovative pHealth projects, namely for the
study of health and fatigue of first responders. The goal of the original Vital Responder
project was to “explore the synergies between innovative wearable technologies, scattered
sensor networks, intelligent building technology and precise localization services to provide
secure, reliable and effective first-response systems in critical emergency scenarios” [4, 67].
VR2 gives the next step in this process, with its goal being to address “the specification,
development and deployment of an ICT platform for intelligent management of critical
events of stress, fatigue and smoke intoxication in forest firefighting” [68].
As first responders can be subdivided into different groups with different requirements,
VitalResponder was designed targeting firefighters as its main end-user. Studies show that
almost 50% of the deaths of firefighters that occur while they are on duty, are caused by
heart disease. This prevalence is twice as high as that for other types of first responders
such as police officers, and three times as high as the average prevalence for normal working
population. Risk of death from coronary heart disease also increases during fire suppres-
sion, reaching a whopping 10 to 100 times higher risk than in non emergency events. Heart
condition is, thus, one of the most life threatening conditions for firefighters, and should
be closely monitored together with the factors that directly influence it, such as stress and
fatigue [4].
Firefighters are frequently exposed to harmful environments that impose strict require-
ments in the used systems, thus VitalJacket R© had to be redesigned taking into account
the new needs.
The first aspect to modify was the textile composition of the garment. Common
VitalJacket R© is made with a mixture of elastane (28%) and polyamide (62%), but since
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(a) Adapted VitalJacketR© shirt. (b) Enhanced helmet, with a microelectronic
module for the detection of CO level, tem-
perature and barometric pressure, circled in
white.
Figure 2.17: Evolution of VitalJacket R© into the VitalResponder monitoring system. Re-
trieved from [4].
elastane is heat sensitive and can burn wearer’s skin, textile composition had to be changed
to follow international regulations on firefighters’ garments. Textile composition was
changed to a mixture of cotton (98%) and elastane (2%), with the external part of the
shirt having only cotton. As the outer part heats more than the inner part of the shirt,
having an elastane free composition in the outer part makes the shirt more protective and
heat proof [4].
As electronics are embedded in the shirt and the shirt had its composition completely
modified, it was also necessary to redesign the way micro-cabling and micro-electronic
components were embedded in the shirt. Furthermore, since monitoring systems aimed
at firefighters must monitor not only physiological signals but also acquire data from the
surrounding environment, a microelectronic module that measures CO level, temperature
and barometric pressure was inserted in firefighters’ helmets [4]. The resulting monitoring
system can be seen in Figure 2.17.
Parallel to the physiological and environmental data acquiring system previously de-
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scribed, a wireless network based system was developed to monitor teams of first respon-
ders. This system clusters acquired data, including individual vital signs (e.g. ECG)
and position (localization through GPS), and provides it to the team coordinator. This
system does also have the ability to trigger alarms to the coordinator, supporting him in
critical decision making by increasing his tactical awareness [4]. This system implements
a three-tier WSN architecture. In tier 1, there is the vital signs collecting unit using the
VitalJacket R©. In tier 2, a Android smartphone (called DroidJacket) receives data from
tier 1 and processes it, whilst also measuring data with its GPS, accelerometer and gy-
roscope sensors. DroidJacket is a key piece of the system as its data processing detects
technical issues (e.g. loss of connectivity) and critical events in EGG (e.g. arrhythmias) or
in activity patterns (e.g. fall or low activity patterns). Finally, data is sent to the mobile
base station in tier 3 through Wi-Fi connection, where the team coordinator can control
location and health status of each individual using the VitalJacket R© and DroidJacket
system [4].
Data acquired with VitalResponder systems is currently under study in order to analyse
stress of firefighters while in action. These studies focus on detecting stress indicators that
can be used for stress and fatigue management. This is of critical importance, as powerful
methodologies remain yet to be defined for long term monitoring of first responders’ stress
and fatigue levels [4].

Chapter 3
VitalSensors - Towards a more
intelligent, wearable monitoring
system
This thesis aims to improve a wearable monitoring system’s scalability, by working at
firmware and software levels in order to make it more capable and intelligent. This work
is inserted in the framework of different projects, namely VitalLogger (VL) and VitalRe-
sponder2.
3.1 Background
VitalLogger is a wearable monitoring device that seeks to expand VitalJacket R©’s exist-
ing sensing capabilities. This device is directly connected to VitalJacket R©’s main board,
and it possesses sensors that enable the measurement of novel physiological signals and
environmental parameters. VitalResponder2 is also an evolution of the VitalJacket R© sys-
tem, but that is specifically targeted at first responders. Among the various modules
that VitalResponder2 has (adapted VitalJacket, helmet unit, etc), the system has various
implemented sensors, namely sensors for various environmental parameters (gas sensors,
positioning sensors, etc).
As referred previously in Chapter 1, work developed in this thesis is part of a greater
project, where contributions from two other MSc students addressed specific areas of the
project. A more extensive component diagram showing the framework that comprises this
thesis’ work is showed in Figure 3.1. The aim of this greater project is to aggregate data
from diverse vital signs and environmental parameters, and while it is mostly based on
VitalLogger and VitalResponder2, it also includes VitalX.
VitalX, which has its logo presented on the left part of the diagram, is an Android
aggregator that receives, saves and displays information coming from connected devices.
VitalX provides the user with the ability to easily control which sensors he wants to
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Figure 3.1: Component diagram of the framework which integrates this thesis’ work.
gather data from, being it from the smartphone, VitalResponder2, VitalLogger or from
other external devices connected to the device running VitalX. VitalX was developed by
another MSc student in the scope of his Master Thesis.
VitalLogger is a system that aims to aggregate novel sets of sensors, increasing the
range of physiological and environmental variables that can be measured. These sets
of sensors can be configured for various purposes and scenarios, such as enabling better
medical diagnosis or enhancing personal health monitoring, thus making the end system
more versatile.
As it is possible to observe in Figure 3.1, VitalLogger comprises three main compo-
nents, namely: sensors, which involves all the hardware of VitalLogger; firmware, which
can be split in low and high level firmware; and the Software Development Kit (SDK). In
what concerns the firmware component, low level firmware is responsible for the communi-
cation between VitalLogger’s sensors, VitalLogger’s circuit board and VitalJacket’s board,
whereas high level firmware is responsible for the communication between VitalJacket’s
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board and the devices to whom it is connected through Bluetooth connection.
The SDK is high level firmware’s counterpart that runs at the connected device’s end,
being what enables, for instance, an Android application to receive and interpret data
coming from the VitalLogger/VitalResponder, and also to send data back to the device.
This thesis’ work focused on the high level firmware and SDK components. Low level
firmware and all the hardware for VitalLogger were addressed by another MSc student in
his Master Thesis project.
Finally, VitalResponder, which has been explained in detail in the previous chapter,
is a project targeted at First Responders that among its various interests, seeks to bring
wearable monitoring systems to First Responders. While these systems currently provide
physiological and environmental data, from deployed units, to the higher entities responsi-
ble for decision making and control of deployed units, they still lack important information
such as physiological stress and fatigue levels of deployed units. Work developed in this
thesis seeks to address this issue, by providing an index of physiological stress, PSI, which
can give better insight on unit status, and hopefully help in the prediction of potential
danger situations.
The joint contribution of the three Master Thesis encompassed in the framework pre-
sented in Figure 3.1, by acting both at the wearable sensing device end and at the more
generic devices’ end (e.g. smartphones), seeks to begin the foundations for a more scalable
system, where the user gains a more active role by being presented with greater control
over the system, and with more intuitive information.
Regarding the specific contribution of this thesis, a three-step workflow was followed,
where each step addressed a different issue. This workflow is presented in Figure 3.2. The
first step intends to increase the sensing capabilities of the wearable system, increasing
the variety and amount of data that we can give to first responders.
The second step addresses the selection of acquired data, so that only the most rele-
vant information is used and given to the Fire Chief, and it also involves providing this
information to the Fire Chief through an intuitive interface.
Step 1 Step 2 Step 3
- Improve the existing system
by implementing new sensors
- Provide obtained information,
intuitively, to the end user that
is the Fire Chief
 
Non perceptible data
provided intuitively
Intelligent selection
of acquired data
More sensors
More information
Figure 3.2: Detailed workflow of the work developed in this Master Thesis, in order to
accomplish the objective of giving not only more, but better information to first responders.
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Finally, there is important information for first responders that is hard to, or even
cannot be acquired using sensors. The third step has the objective of implementing a
system, based on a Kalman filter, that extracts this information from other currently
sensed signals, information which should also be provided in an intuitive way to the Fire
Chief.
Since the Kalman filter is a central part of the third step, it is important to understand
how it works. The Kalman filter is one of the most important and commonly used data
fusion algorithms - which are algorithms that fuse data from various different sensors
in order to obtain more knowledge - being mostly used to smooth out noisy, measured
data, and to predict values of variables of interest [69, 70, 71]. Great part of this filter’s
huge success resides in its small computational requirement, recursive properties, and
status as the optimal estimator when dealing with one-dimensional linear systems that
have Gaussian error statistics [69, 71]. Besides, the Kalman filter can explore correlations
between phenomena that users would normally not think of exploiting [70].
This filter runs on the underlying assumption that the variables to be filtered are ran-
dom and have a Gaussian distribution [70], and it can be seen as a Bayesian model where
“the state space of the latent variables is continuous and where all latent and observed vari-
ables have a Gaussian distribution (often a multivariate Gaussian distribution)”, being an
algorithm that enables exact inference in linear dynamical systems [71]. The assumption
that all variables follow a Gaussian distribution has immense impact on Kalman filter’s
recursive properties, as it enables the filter to explore a major property of the Gaussian
function, which is that multiplying two Gaussian functions results in another Gaussian
function. Hence, as we progress through time, the probability density function remains
fully represented by a Gaussian function [71].
Correlation between variables is another important issue for the Kalman filter as, in the
case of having correlated variables, the value of a given variable can provide us information
on what the values of the other variables can be. Correlation is stored in a covariance
matrix, ∑ij , where each element holds the degree of correlation between the ith and jth
variables [70].
In what concerns algorithm implementation, Kalman filter is basically a two-stage
process consisting of a prediction step and an update step. In the prediction step, the
following equations are used:
xˆk|k−1 = Fk xˆk−1|k−1 +Bk ~uk
Pk|k−1 = Fk Pk−1|k−1F Tk +Qk
(3.1)
Here, xˆk|k−1, which is the new best estimate for the state variable vector, is a prediction
obtained from the previous best estimate, xˆk−1|k−1, plus a correction for known external
influences, considered in the control input vector ~uk. Fk is the state transition matrix that
applies the effect of the state variables at time k−1 on the system state at time k, and Bk
is the control input matrix that applies the effect of all control input parameters, which
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predict
predict
update
update
Figure 3.3: Schematic representation of the two-stage loop implementation of the Kalman
filter. Adapted from [70].
are in ~uk, on the state vector. The new uncertainty, Pk|k−1, is predicted from the old
uncertainty, Pk−1|k−1, taking into account additional uncertainty from the environment,
Qk. Both Pk|k−1 and Pk−1|k−1 are covariance matrices.
The following stage, which corresponds to the update step, consists of the following
pair of equations:
xˆk|k = xˆk|k−1 +K(~zk−Hk xˆk|k−1)
Pk|k = Pk|k−1−KHk Pk|k−1
(3.2)
where K is the Kalman filter gain, which can be obtained using equation 3.3:
K = Pk|k−1HTk (Hk Pk|k−1HTk +Rk)−1 (3.3)
Here, xˆk|k is the new best estimate for the state vector obtained after the data fusion
process. It is considered a data fusion process as, in the update step, data coming from the
prediction step is fused with data obtained from measurements (which can be acquired with
sensors). In this update process, the new best estimate obtained in the prediction step,
xˆk|k−1, is corrected by adding a parcel which involves: the Kalman filter gain K, the vector
of measurements ~zk, and xˆk|k−1 adjusted by a matrix Hk. The transformation matrix Hk
maps the state prediction vector into the same domain of the measurements’ vector, and
is crucial as this mapping procedure enables the multiplication of the probability density
functions together.
The uncertainty estimate obtained in the prediction step, Pk|k−1, is corrected during
the update step, resulting in the uncertainty estimate after data fusion, Pk|k. This new
estimate is computed by subtracting the predicted estimate Pk|k−1, adjusted with the
Kalman filter gain K and transformation matrix Hk, from the predicted uncertainty itself.
It should also be noted that the Kalman filter gain requires an additional variableRk, which
corresponds to the uncertainty matrix associated with the noisy set of measurements.
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Figure 3.3 wraps up the iterative process in which the Kalman filter works. For the
sake of simplicity, variables xˆk−1|k−1, Pk−1|k−1, xˆk|k−1, Pk|k−1, xˆk|k and Pk|k are displayed
as xˆk−1, Pk−1, xˆk, Pk, xˆ
′
k and P
′
k, respectively.
3.2 Methods
Before going through the explanation of the methods used to complete the proposed objec-
tives, it is important to refer that the work herein described was developed in collaboration
with Biodevices SA, and that all implemented systems were developed having hardware
specifications and restrictions in mind, as these can be a limiting factor.
3.2.1 Novel Sensing Capabilities
The first step of the workflow regarded adding more sensors to the system, and thus
making the system capable of gathering more information for first responders.
In order to address this issue, the first part of the work consisted in introducing new
sensors, in the VitalLogger device, which extend VitalJacket R©’s physiological and environ-
mental sensing capabilities. Figure 3.4 shows a schematic representation of the migration
from the old VitalJacket system, to the new VitalLogger one, where three new sensors
were implemented.
Since this work was developed in collaboration with Biodevices SA, the choice of the
new sensors to be integrated in the system was ultimately decided by Biodevices SA. The
following set of sensors was selected to be integrated in VitalLogger: SpO2 sensor, ambient
temperature sensor and humidity sensor.
3.2.1.1 Firmware Development for VitalLogger
With the group of sensors defined, work began on VitalLogger’s side, by dealing with
the high level firmware component. Firmware development and implementation was done
using C programming language, and using the following software: MPLAB R© X IDE v3.00
with the necessary MPLAB R© XC compiler (free edition) for the used microcontroller,
MPLAB IPE v3.00 and PComm Terminal Emulator. MPLAB R© X IDE was used to code
and compile the .hex file (this is the firmware file) to run on the microchip. The circuit
board was connected to the computer through a MPLAB ICD 3 In-Circuit Debugger, and
MPLAB R© X IPE was used to flash the .hex file into the microchip. Pcomm Terminal
Emulator was used to connect the computer to VL’s circuit board through Bluetooth
connection, enabling the debugging of the coded firmware. An extension for MPLAB R© X
IDE v3.00, named MPLAB R© Code Configurator, was also installed to facilitate control of
the microcontroller’s pins.
It was decided, in conjunction with Biodevices SA, to implement VL’s firmware through
the extension of VitalJacket’s firmware, thus new firmware was coded directly on Vital-
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VitalJacket
VitalLogger
Figure 3.4: Schematic representation of the old system, and of the new system after
implementing new sensors. On the top image, there is the old VitalJacket system which has
only ECG and Actigraphy sensors. On the bottom, the VitalLogger system is represented,
which has the new sensors for SpO2, ambient temperature and humidity.
Jacket’s existing firmware. This part of the work focused on implementing the interface
between VL’s hardware and connected devices (e.g. smartphones, PCs), on VL’s side of
the communication process. Data measured from VL’s sensors is processed in the low level
firmware, and when it gets to the high level firmware, it is arranged in a datagram before
being sent to other devices, through Bluetooth connection. Due to the followed approach,
transmitted datagrams contain data both from VitalJacket and VL’s sensors. A schematic
representation of a possible datagram sent by the device, through Bluetooth, is presented
in Figure 3.5a. It is important to refer that priority was given to VitalJacket’s sensors,
hence these are always placed first in the datagram.
Data from each sensor must be identified in the datagram, so that the other end of
the connection (e.g. smarthphone) is able to correctly interpret and manipulate received
data. This is ensured by sending a tag value, that is unique for each sensor, immediately
before each sensor’s bytes of data, as it is possible to see in Figure 3.5b. For this purpose,
a unique tag value was configured for each new sensor introduced in the hardware system,
and the firmware was adapted to include the new sensors in the datagram.
The rate at which each sensor’s data is sent by the device is defined by an independent
variable, herein named as timestamp. Since each sensor has its own timestamp, it is
possible to send data from different sensors at distinct rates. This means that the datagram
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(a) Example of a datagram sent by the VL. Data from VL’s sensors
is always sent after data from VitalJacket’s sensors. RTC means
Real Time Clock.
(b) Composition of each sen-
sor’s section in the datagram.
Figure 3.5: Schematic representation of a possible datagram sent by VL through Bluetooth
connectivity. For each sensor, a tag value must be sent previous to its data, in order to
identify what data is present in each section of the datagram.
sent by the device can either be constant in terms of size - if all sensors have their data sent
at the same rate - or change cyclically - if different sensors have different sending rates.
While these timestamps are independent and can easily be manipulated, this ’property’
will only be explored in another part of this thesis. Therefore, a fixed rate of 1 sample per
second was defined for the SpO2 sensor, whereas a rate of 1 sample each 5 seconds was
defined for the ambient temperature and humidity sensors. Although a gyroscope sensor
is comprised in VitalLogger’s hardware, it was not implemented in the low level firmware
at the time of this thesis. Nevertheless, a tag value and timestamp were allocated for this
sensor in the high level firmware.
3.2.1.2 Implementation of the Extended SDK
After dealing with VitalLogger’s side of the communication process, attention shifted to the
other side, which comprises the devices that connect to VitalLogger, namely smartphones.
In order to be able to correctly decrypt and interpret data contained in the received
datagrams, VitalJacket’s SDK had to be extended. Using a similar approach to that
followed in the implementation of the extended firmware, SDK extension was achieved
by implementing changes directly in VitalJacket’s SDK. Code was implemented in Java
programming language, with Android Studio 1.2 being the only software used for this part
of the work.
Firstly, tag values for the new implemented sensors were configured in the SDK, in
order to ensure proper reception and handling of the data contained in the datagrams sent
by the VitalLogger. Since data sending rates were specified in the extended firmware, and
sensors from the VL were configured to have different sending rates, an individual counter
was implemented for each VL sensor, to control the amount of times data from each sensor
was received in the device connected to the VitalLogger.
In order to test the functioning of the new SDK, a test Android application was adapted
to run the new SDK and explore its new features, displaying data received from the new
sensors, as well as the counters used to control data rates. Figure 3.6 shows the application
running in a smartphone that is paired with the VitalLogger. It is important to refer that
the images presented in Figure 3.6 were obtained from a test where a VitalJacket shirt
connected to the VitalLogger, to ensure that the system worked fine with all sensors
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Figure 3.6: Test application displaying data and counters for the new implemented sensors.
The images on the right show clearly that the SpO2 sensor sends data at a rate around
five times higher than the ambient temperature and humidity sensor, since the value in
its counter is approximately five times the value in the other counters.
gathering data at the same time. On a side note, it is possible to see in Figure 3.6 that
there is no data being received from the body temperature sensor, which was due to the
fact that the VitalJacket shirt that was used in these tests was from an older version of
VitalJacket, which did not possess the body temperature sensor.
As it is possible to observe in Figure 3.6, the counters provide us some information on
the rates at which data from each sensor is being received, and, for instance, it is noticeable
in Figure 3.6 that the counters for the ambient temperature and humidity sensors have
the same value, whereas the counter for the SpO2 sensor has a value that is approximately
5 times higher than that of the ambient temperature and humidity sensors. While the
increase rates of these values go in agreement with the timestamps that were configured
in VL’s firmware, implemented counters do not present information in an intuitive way.
Therefore, in order to present data sending rates in a more accurate and intuitive approach,
an analysis based on timers was implemented for each sensor. These timers measure the
time lapse between the reception of two consecutive samples of data for each sensor.
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Figure 3.7: Test application displaying the data sending rates obtained with the timer
implementation, the list of sensors being effectively used (placed below the timers), and
the possible cases for the SpO2 sensor. 1 - Full app interface; 2 - No finger is placed in
the sensor; 3 - The finger is placed correctly; 4 - The finger is misplaced, hence incorrect
SpO2 measurements are acquired.
In what concerns code implementation, these timers were implemented recurring to the
System.nanoTime() method.
Due to the influence of finger positioning in the SpO2 sensor on the obtained SpO2
measurements, the SDK was prepared to respond to two different flags that are sent by
the sensor in specific situations. When there is no finger placed inside the sensor, the
sensor obviously cannot detect a finger so it sends a flag with a value of 120, which is
interpreted by the SDK by showing a text message in place of the measured sample saying
“unplugged”. The second situation occurs when the finger is badly placed inside the sensor.
Here, SpO2 is inaccurately measured, so the sensor sends a flag with a value of 110 in place
of the SpO2 measurement. The SDK interprets this flag by showing an empty sample in
the application, displaying as “- - - %”. When measurements occur correctly, the sensor
just sends those SpO2 measurements in the datagram.
Furthermore, while the VitalLogger possesses various sensors, namely those present in
the VitalJacket added to those implemented in the VitalLogger hardware, the device can
be configured to gather and send data only for some specific sensors. Hence, it is important
to know which sensors are being used in a given configuration. For this purpose, a feature
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was added to the SDK, where the sensors that are actually being used by the VitalLogger
are placed in a list.
The test application was updated to run with the second version of the extended SDK
and explore these new features. Figure 3.7 shows the new version of the test application
running in a smartphone. Firstly, it is possible to see in Figure 3.7 that the presented
data sending rates now match those configured in VL’s firmware, being this information
much more intuitive from the users’ point of view. Then, it is possible to observe how the
system handles the possible situations in SpO2 measurements. In Figure 3.7, the images
on the right show a succession where the sensor starts measuring with no finger inside
it, then it measures a correct sample, and finally the finger is misplaced on purpose to
produce an empty sample in the test application. Regarding the sensor list, it is possible
to observe that the SDK is prepared to display sensors both from the VitalJacket and the
VitalLogger, and that it only shows the sensors that are being used by the system.
Besides the Android version, the SDK was also adapted for Windows platform, using
Microsoft Visual Studio 2010 for that purpose. The ECGTool from Biodevices SA used
to test the SDK was adjusted to work with the new SDK, and thus to be able to acquire
measurements from the SpO2 sensor. In Figures 3.8 and 3.9, it is possible to observe
the ECGTool acquiring data from VitalJacket’s from VL’s sensors. Figure 3.8 shows an
acquisition being performed without a finger inserted in the SpO2 sensor, which prompts
the application to display “Sensor Unplugged”. Figure 3.9 displays a normal acquisition,
where the finger is inserted in the sensor and SpO2 measurements are acquired.
Figure 3.8: Acquisition from VitalLogger prototype, executed with the Windows SDK
application from Biodevices SA, and performed without a finger inserted in the SpO2
sensor.
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Figure 3.9: Acquisition from VitalLogger prototype, executed with the Windows SDK
application from Biodevices SA, and performed with a finger inserted in the SpO2 sensor.
3.2.1.3 Adapting Firmware For a Modular System
Still regarding step 1, which involves introducing new sensors that let us obtain more
information, it is important to rethink the approach of having all sensors implemented
in a single hardware board. While at the moment there is actually no specific issue
with that, using a single hardware board for everything can be compromising as it limits
the expansion of the system’s sensing capabilities in the future, due to obvious physical
limitations (e.g. the finite number of ports that the microcontroller has to use).
In order to make the system capable of complying with the sensing needs that might
exist in the future, it is important to evolve the current system into a modular architecture
system, such as the one depicted in Figure 3.10. This architecture implements a concept
of master and slave, where the central unit (the master) controls all the slaves, and where
slaves are responsible for having the sensors and acquiring data with them, data which is
then sent to the master. This architecture lets novel sensors be added with less limitations,
since they can be integrated in new modules (slaves) that must be connected to the master.
To address this issue, this part of the work consisted in the development of the firmware
for a modular system architecture. At the time of this thesis there were no developed
modules, with the wearable system having a hardware board with all sensors connected
to the same microcontroller. Therefore, this part of the work was developed and tested
with development boards simulating the modular system that can be used in the future.
All firmware was developed using MPLAB X R© X IDE v3.00, and the MPLAB R© XC16
compiler v1.25 (free edition), since 16-bit microcontrollers were used in this part of the
work. The hardware set on which the firmware was tested consisted of two Explorer
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Figure 3.10: Schematic representation of the future system, with a modular architecture,
that enables the expansion according to the sensing needs that might appear in the future.
Here, a concept of master and slave is implemented, where all the sensing modules (slaves)
are connected to the master. Data sent from the slaves to the master can be processed
and sent to the end user, which is the Fire Chief.
16 Development Boards with 44-pin PIM, from Microchip, a MPLAB ICD 3 In-Circuit
Debugger, and a Logic debugging hardware unit, from Saleae, coupled with its software
Logic v1.1.1.15. The used hardware set in this part of the work can be seen in Figure 3.11.
Before going through this part of the work, it is necessary to understand the concept
behind a modular approach. A modular system is essentially a system where components
and tasks are more decentralized, splitting the workload across the different modules, and
leaving the essential tasks to the central unit. This is important because it makes it
possible to have more sensors in the system, enabling the expansion beyond the inherent
hardware limitations of using a single hardware chip. The sensors can be connected to the
modules, which are responsible for the signal acquisition and processing, and the resulting
signals are sent to the central unit, which can further process the data and send it to
external devices, for example, through Bluetooth connection.
In order to have this data flow between the modules and central unit working prop-
erly, it is necessary to have a robust way to communicate across hardware units. Since
Biodevices SA currently uses Serial Peripheral Interface (SPI) protocol in its product, it
was decided to use SPI in the new firmware implementation. Another possibility would be
to use I2C, which is another type of protocol, but it is known that there exist issues when
using I2C with components from Microchip. As the hardware set shown in Figure 3.11
is mostly composed of components from Microchip, it was decided to use SPI in the new
firmware implementation.
SPI is a synchronous serial interface, which uses a bus (a collection of wires) to connect
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Figure 3.11: Hardware set used to simulate a system with modular architecture. 1 -
MPLAB ICD 3 In-Circuit Debugger; 2 - Explorer 16 Development Boards, from Microchip;
3 - Logic debugging hardware unit.
all devices. While using a single bus to connect all devices naturally reduces the number
of connections needed between the devices, it also has limitations, such as: only one device
can “speak” at a time, and all devices must know when another device is already “talking”
on the bus.
The SPI bus is implemented in a way that overcomes the problems of using a bus.
Firstly, if defines that one device must be the master, commanding all remaining devices,
which are called slaves. The master can communicate with all slaves, and the slaves cannot
communicate between each other, ensuring that each slave can only report to the master.
An enable line is used by the master to inform a slave if it is active at a given time, being
active when the line is low (0) and inactive when the line is high (1). This line can be
referred to as either Enable, Slave Select, or Chip Select, and each slave has its own enable
line connecting it to the master.
The master also has a clock (CLK), which is sent to the slaves through the CLK line
in the bus. This clock is responsible for the synchronicity of this communication protocol
(remember that SPI is a synchronous serial interface). Finally, there are two lines where
data is sent to and by the master. The master transmits data to slaves through MOSI
(Master out, Slave in) and receives data from the slaves through MISO (Master in, Slave
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Figure 3.12: Schematic representation of a master connected to three slaves through the
SPI bus. The bus has the SCLK (or CLK), MISO and MOSI lines, which are shared by all
slaves with the master, and the SS (or CS) lanes that are specific to each slave. Retrieved
from [72].
out). Only one slave can send data through MISO at a time, and the Most Significant Bit
is mostly sent first.
Communication between master and slave occurs in a way that when the master sends
data to a slave, the slave must send some information back to the master, and when the
slave sends data to the master, the master must also send data back in exchange. This is
because in SPI data is exchanged between master and slave. A schematic overview of this
typical SPI protocol can be seen in Figure 3.12.
Furthermore, some devices require an extra flow control signal from slave to master,
defined as Data Ready, which is used by the slave to inform the master when it has
information ready to be sent. The Data Ready signal is active when low (0), and it must
be enabled between words, which are the pieces of information sent by the slaves to the
master on the MISO line [73].
To implement a modular architecture, a SPI protocol to be used between the master
and the slaves was firstly defined. This protocol is used by the slaves to send data from
its sensors to the master, and its structure is based on the file structure described in [74],
but having a much simpler structure. The basis of this protocol is composed of 5 different
units. The first byte contains a command tag which signals that data from the sensors
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Figure 3.13: SPI protocol defined to use in the communication between the slaves and the
master in the modular system.
is going to be sent to the master. The second byte contains the number of bytes that
the master must read from that point until the end of the data sent by the slave. The
third byte has the unique identifier that identifies each different module. The following
bytes contain the data from the sensors on the module, and can vary according to the
module sending the data (modules with different unique identifiers have different sensors
and, consequently, different data). This section extends until the penultimate byte in the
datagram. The last byte holds the Cyclic Redundancy Check (CRC) value, which is used
to confirm the validity of the data received by the master. This protocol is displayed in
Figure 3.13.
This protocol was implemented in a state machine where each state is responsible for
reading one of the 5 units in the protocol that were described previously. When the master
first receives the data from the slave, it calculates the CRC value of the received data and
compares it with the CRC value sent by the slave. If both values are equal, data received
by the master is valid and can be used.
In order to check if the boards emulating a slave and a master were communicating
correctly with the defined SPI protocol, the slave board was firstly set to send fixed values
for each unit in the “datagram”, and the master board was set to send the same byte in
each SPI data exchange with the slave. The probes from the Logic debugging hardware
were connected to the SPI ports (MISO, MOSI, CLK, CS and Data Ready). This unit
was connected to a computer running Logic v1.1.1.15 software, where the communication
Figure 3.14: A single section of the SPI communication between the master and the slave,
with the MOSI, MISO, CLK, CS and DataReady lines observed in Logic v1.1.1.15.
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Figure 3.15: View of the SPI communication between the master and the slave with three
different segments, with the MOSI, MISO, CLK, CS and DataReady lines observed in
Logic v1.1.1.15.
between the boards can be seen. The resulting image can be seen in Figure 3.14. Here, it
is possible to see that the process starts with the slave signaling that it has data ready to
be sent, by activating the Data Ready line (putting the line in low, and setting it back to
high after some time). Then, the master activates the CS line for the slave, making it low
as well, which signals that the slave can start sending its data. Shortly after, the slave
sends its data (MISO line), and the master exchanges a byte that is constant for each
exchange (MOSI line). This sending “procedure” is synchronized by the master’s clock.
With the SPI protocol running correctly, a configuration with a different group of
bytes to be sent (different module ID and data) was tested. The final test consisted in
running a VitalLogger emulating board, with one byte for the SpO2 value, two bytes
for ambient temperature (the first byte has the most significant byte), and one byte for
the humidity value. Figure 3.15 displays the SPI communication for this case, running
correctly synchronized. Moreover, since data from the ambient temperature sensor will be
important further in the work, the slave was configured to send temperature data from a
vector with a temperature signal. This signal is iterated through, in the slave, to have the
slave sending one sample from the vector each time data is sent to the master.
Once having the SPI communication working correctly for the VL board emulation,
with a temperature signal being sent by the slave, the second state machine was imple-
mented, which is basically a parser where data received by the master is run through. This
state machine must first check the identifier of the module. As this parser is configured
to know how to handle data from datagrams with different identifiers, after checking the
identifier the machine knows the procedure to follow in order to extract data correctly.
In the case of the VitalLogger module, the machine must firstly extract the byte with
the SpO2, then the two bytes that contain the ambient temperature (the first byte has the
most significant byte), and finally the byte with the value for humidity. It is important
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to refer once again that configurations for future modules must be implemented in this
state machine, so that it knows how to properly handle data received from different slaves.
After running the data through the parser, extracted data is ready for being used by the
master in other tasks.
3.2.2 Intelligent Data Reduction
With large amounts of data being gathered by the wearable system, for instance from
VitalLogger and VitalResponder, it is important to select the data that is given to the
Fire Chief, in order to reduce data redundancy and to make it easier for the users, namely
the First Responders who have to carefully control gathered data and analyze it to detect
risk situations. Moreover, this information should be conveyed intuitively, so that the Fire
Chief can interpret it more easily and quickly.
To reduce the amount of data passed from the wearable system to the user, a control
system was developed to intelligently select the data to be sent to the interface that shows
the data to the user (for instance, an android application running on a smartphone), thus
reducing data redundancy. The algorithm for this control system was projected and devel-
oped so that it complies with data from the different sensors that are implemented. Then,
it was decided to implement the system with a specific sensor. The ambient temperature
sensor was selected as it possesses important information for the First Responders, who
frequently operate on hazardous conditions.
Figure 3.16 is important to explain how this system works. This figure exemplifies,
with an ambient temperature signal, two possible scenarios that the selecting system can
be presented with. In both signals ambient temperature starts within acceptable levels.
Two thresholds are visible in the figure, but since this work is aimed at first responders,
namely firefighters, only the higher one is relevant. When temperatures stay within this
“safe region”, data is sent to the Fire Chief at a slower rate, as changes within this region
are less important for the Fire Chief to keep track of.
As temperature increases beyond the upper threshold, the system should notify the Fire
Chief with more information, by providing him temperature measurements at a faster rate.
When temperature rises above the upper threshold, two situations can occur. The first one
is shown by Signal 1 in Figure 3.16, where temperature rises sharply above the threshold.
When temperature change is steep, the system should automatically select a faster rate
for sending temperature measurements to the Fire Chief. The second possible situation
is depicted by Signal 2, where temperature rises above the threshold but far less sharply.
Here, the system should adapt itself to send temperature measurements to the Fire Chief
at a faster rate than that used inside the “safe region”, yet slower when compared to the
rates used in the situation presented in Signal 1. When temperatures get back below the
upper threshold, the system should automatically start sending temperatures at a slower
rate.
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Figure 3.16: Two different scenarios, exemplified with an ambient temperature signal,
where the algorithm for data selection can work, and where different responses are ob-
tained. For temperatures above the higher threshold, an alarm is triggered, and an algo-
rithm starts working, which selects more or less samples of data depending if the signal is
varying significantly (Signal 1), or if it is relatively stabilized (Signal 2).
Moreover, the higher threshold can be used to trigger an alarm for hazardous situations,
which defines when firefighters are being subjected to dangerous environmental conditions.
Therefore, when temperature rises above the threshold, the Fire Chief should be notified
that a dangerous situation exists, so that he can control his units and means on the field
based on that knowledge. According to the Occupational Safety & Health Administration
from the United States Department of Labor, when air temperature exceeds 35 degrees
Celsius, heat load on the body increases [75], therefore the threshold was set with this limit
to notify Fire Chiefs when ambient temperature starts being considered a risk factor.
The control system responsible for this data selection procedure can be decomposed
in two components: one that works when temperatures are inside within the thresholds,
and another one that works as soon as temperatures step outside the thresholds. The first
component is pretty straightforward, with the system sending data at a slower, fixed rate.
On the other hand, the basis of the second component lies on an algorithm that checks
whether data sensed by a given sensor is changing significantly or not, using the obtained
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response to decide on speeding up, maintaining or lowering the rate at which data is sent.
As it was stated previously, the rate at which data from a given sensor is sent is con-
figured through a variable, herein referred as timestamp, which is independent, in the
sense that each sensor possesses its very own timestamp, and manipulable, as they can
have their value easily changed. A key aspect to take into account is that, actually, not
every sensor can have its timestamp changed. The way existing firmware is implemented
determines that some sensors must have their timestamps fixed at a constant, immutable
value, in order for the system to work properly. The sensors implemented in the Vital-
Logger can have its timestamp changed, therefore the ambient temperature sensor was
selected to test the developed system, as this variable presents great interest for the First
Responders, more specifically for firefighters who operate in hot environments.
The system responsible for selecting data, when the signal is outside the “safe region”
defined by the thresholds, can be split in the algorithm and in the state machine, where
the algorithm is implemented in the firmware. These will now be explained in detail in
what concerns their implementation.
3.2.2.1 Algorithm development
While the data reduction system was implemented for VitalLogger’s ambient temperature
sensor, the algorithm described in this section was developed considering the premise
that it should be compliant with various types of sensors, namely the SpO2, ambient
temperature and humidity sensors from VitalLogger, enabling easy implementation so
that this control system can work with any sensor out of the box.
Regarding algorithm development, MATLAB was the software used to develop it and
to do the first tests. Then, using Codeblocks, the algorithm was migrated into C program-
ming language, tested and updated until a stable version of the algorithm was obtained.
Finally, the full system was implemented in the firmware using MPLAB X.
The basic workflow of the algorithm responsible for detecting significant changes in the
signal is presented in Figure 3.17. The algorithm uses a buffer to keep track of the sensed
signal. These samples that are stored in the buffer are the only knowledge on the signal
that the algorithm possesses for the analysis procedure. The algorithm starts by filling
the buffer with samples from the signal. When the buffer is finally full, the algorithm
starts analysing the signal contained in the buffer and checking for significant changes in
the signal, classifying the variation in the signal as significant or non-significant. Also,
after the buffer is full, when a new sample acquisition is performed, the oldest sample in
the buffer is erased and the new sample takes its place.
In order to test and tune the algorithm’s configurations, the algorithm had to be
applied firstly on reliable test signals. Thus, before developing the algorithm itself, the
signal issue had to be addressed, using a three-step approach for that purpose, which can
be seen in Figure 3.18.
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Figure 3.17: Basic workflow of the algorithm developed to detect significant changes in
sensed signals.
The three-step process is a simple, yet necessary process to evaluate the algorithm
in a reliable, validated way. In this process, an expected binary classification, where
1 represents a significant variation and 0 a non-significant one, is firstly created. This
expected classification is the ground truth that will be used for comparison later on. From
the expected binary response, a signal is created that, when analysed with the developed
algorithm, should result in the expected binary response. The algorithm is applied to
the signal and a binary classification is obtained. This classification can differ from the
one used as the ground truth. By comparing the obtained classification with the ground
truth one, it is possible to extract metrics that enable the evaluation of the algorithm’s
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Figure 3.18: Three-step process used to test and evaluate the algorithm with known
signals. A - classification’s ground truth, B - original signal, C - classification obtained
with the algorithm.
performance.
To use this three-step process, a signal generator with different binary responses and
resulting signals was created. For each binary response, different possible signals were
created, with each binary response representing a possible trend in the signal. The final
version of the generator has 14 different signals, which were used to evaluate and tune
the algorithm. An example of a signal contained in the generator is the one presented
in Figure 3.18, where the binary classification on the left and the signal in the middle
are both contained in the generator. This specific example represents a situation where
a sudden, significant change in a noisy signal occurs. Due to the presence of noise in the
signal, there is the possibility of detecting false significant changes in the signal.
With the signal generator fully functional, it was time to work on the algorithm itself.
The development phase had to take into account the existing limitations at the hardware
level (e.g. free memory available to use), which directly affects some aspects such as used
buffer size. Consequently, buffer size limits the maximum possible delay to use in the
derivative analysis, which is buffer size minus 1, since 1 of the samples in the buffer holds
the value for the current measurement.
The threshold selected for the classification of signal variation as significant or non-
significant is based on the mean value of the signal contained in the buffer. This is in fact
an adaptative threshold since it works as a sliding mean which changes according to the
knowledge on the signal we have from past samples present in the buffer. This threshold
criteria enables the implementation of the algorithm for various types of signal, as the
criteria only depends on the measured signal. It should be noted that since this threshold
depends on the magnitude of the signal, some baseline bias might occur.
The effective threshold criteria used in the algorithm consists in a percentage of the
above mentioned mean value of the signal saved in the buffer, hence the higher the signal’s
magnitude, the bigger the signal changes must be in order to be labeled as significant.
While developing and testing the algorithm, three different parameters were varied:
buffer size, which directly affects the threshold and the maximum possible delay; sample
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delay to use in the derivative analysis; and the percentage of the mean value of the signal
in the buffer to use as threshold. In order to get a good understanding of the algorithm,
these three parameters were varied as follows, keeping in mind the hardware restrictions:
• Buffer size: 5, 10 and 20 samples;
• Sample delay: varied from 1 to 19, in integer values;
• Percentage of the mean value: varied from 0.0001% to 10%.
Buffer size was kept small in order to comply with hardware issues such as available
memory. Delay was varied to the maximum value that the buffer size enables, which is
buffer size minus 1. Threshold was varied from very low to very high values to assess how
the algorithm behaves throughout the threshold span.
All variables are important in the system as each of them affects how the algorithm
responds to noise. For instance, higher buffer sizes and sample delays should increase signal
smoothing and noise filtering, whereas higher thresholds should result in the algorithm
picking up less noise, since noise is frequently associated with smaller, non-significant
changes, that are wrongly detected by the system. The optimal combination of these
three variables is a crucial aspect to achieve a system that can perform well when given
either clean or noisy signals.
The algorithm was firstly implemented in MATLAB, varying the parameters as previ-
ously referred. Since signals generated by the developed signal simulator contained random
noise, the algorithm was run for a high number of iterations (1500), for each combination
of the three parameters, in order to reduce the influence of the random nature of noise in
the results obtained for the different parameter sets.
To evaluate the performance of the algorithm, accuracy, precision, sensitivity, speci-
ficity and F1 score were computed using equations 3.4 through 3.8, where TP, TN, FP
and FN mean, respectively, True Positives, True Negatives, False Positives, and False
Negatives.
Accuracy = TP +TN
TP +TN +FN +FP
(3.4)
Precision = TP
TP +FP
(3.5)
Sensitivity = TP
TP +FN
(3.6)
Specificity = TN
TN +FP
(3.7)
F1 =
Precision ·Sensitivity
Precision+Sensitivity (3.8)
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Figure 3.19: ROC curves obtained with the algorithm using a buffer with 20 samples,
sample delays from 1 to 19 samples, and thresholds from 0.0001 to 10%. Sample delays
over 10 samples have a notoriously prejudicial effect in the ROC curve of the algorithm,
and are displayed with circular markers to show that behavior more intuitively.
After calculating sensitivity and specificity, it was possible to plot the Receiver Oper-
ating Characteristic, also known as ROC curve, for the algorithm. The size of the buffer
directly influences the maximum delay, hence the bigger the buffer that is utilized, the
more ROC curves it is possible to plot.
The ROC curves obtained from running the algorithm with a buffer size of 20 samples,
and with nineteen different delays, are presented in Figure 3.19.
While it is noticeable that when using very low delays, increasing used delay has a
major impact on the ROC curve, it is also noticeable that this improvement starts big
but ends up stagnating around the ROC curve obtained for a delay of 5 samples. Not
only that, but increasing used delay to further, higher values, can produce a counter-effect
that is in fact prejudicial to the algorithm’s response. For delays up to 8 samples, the
ROC curve seems to keep converging to the optimal corner where TPF=1 and FPF=0.
However, increasing the delay from 9 up to 19 samples results in ROC curves that are
progressively pulled away from the optimal point, which shows that higher delays do not
necessarily mean better performance for the binary classifier.
A peculiar phenomenon is observable in Figure 3.19 for lower delays, where a plateau
appears between the phase where TPF ramps up and where FPF ramps up. This plateau
is attenuated as used delay increases, and stops appearing in ROC curves obtained with
delays above 3 samples. The reason why this plateau is only observable for lower delays
is owed to the presence of noise in the signals used to test the algorithm, and to how
the algorithm reacts to the presence of noise when analysing the signal with low delays.
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Figure 3.20: True Positive Fraction (TPF) and False Positive Fraction (FPF) obtained
using a buffer with a size of 5 samples, delays varied from 1 to 4 samples, and a threshold
varied between 0.001 and 3% of the mean value of the signal contained in the buffer. 1 -
TPF increasing faster than FPF; 2 - FPF increasing faster than TPF; 3 - TPF increases
faster than FPF, followed by the stabilization of both.
When the algorithm computes the difference between samples of the signal that are too
close, particularly when a delay of 1 sample is used which makes the algorithm compute
the sample to sample difference, the algorithm is more prone to the influence of noise, and
ends up picking a lot more point to point differences as significant differences, resulting in
a higher number of false positives, and reducing the ratio TP to FP. As delay is increased,
the algorithm detects less false positives since the computation of signal difference uses
a more weighted “knowledge” of the past of the signal. Therefore, selected sample delay
acts as a filter that helps filtering out the influence of noise in the analysis of the signal,
which is why the plateau appears for low delays but disappears as delay is increased.
The plateau phenomenon can also be analysed recurring to the TPF and FPF curves
obtained for low delays, which are presented in Figure 3.20. When the threshold is too
high, both curves stay at a null value, since no TP or FP are detected. As the threshold
starts decreasing, TPF increases rapidly, whereas FPF increases at a slower pace (section
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numbered with 1 in Figure 3.20), which leads to the initial vertical evolution observed on
the ROC curves (Figure 3.19). After a given threshold is reached, TPF starts increasing
at a slower pace whereas FPF keeps increasing at a steady pace, therefore catching up
with TPF (section numbered with 2 in Figure 3.20). This originates the horizontal shift
(the plateau region) observed in Figure 3.19). Lastly, after another specific threshold is
reached, TPF has a rapid increase while FPF continues increasing at a slower rhythm,
with both stabilizing later on (section numbered with 3 in Figure 3.20). This last phase is
responsible for the inflection point where the ROC curves enter the second vertical shift,
which marks the end of the plateau. From there, FPF keeps increasing, with the ROC
Figure 3.21: Example of signal from the signal generator, analysed with the algorithm
using a threshold of 0.2% (threshold inside the plateau zone), and a delay of 1 and 7
samples. Selected data, for each delay, is presented in red.
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curves moving to the corner where both TPF and FPF have a unitary value.
The influence of used delay in noise filtering and in the resulting signal classification
obtained with the algorithm is demonstrated in Figure 3.21. Here, a signal from the signal
generator is analysed with the algorithm using a threshold which lies on the plateau zone
observed in Figure 3.19, more specifically a threshold of 0.2% of the mean value of the
signal contained in the buffer. As it is possible to observe, for a delay of 1 sample, the
signal obtained after running the algorithm shows weak filtering of the noisy sections where
the signal stays relatively constant. This means that noisy sections, where the signal does
not change significantly, are detected as having significant signal changes, leading to a
high number of false positives.
When we move to a higher delay, namely a delay of 7 samples, selected data contains
less data from the noisy sections (with some false positives still being detected), so the
resulting segmented signal is mostly constituted by the sections where the signal effectively
changes at a significant rate. This simple, yet practical example shows that used delay
plays a crucial role in the performance of this algorithm, and it also demonstrates that the
plateau effect observed in Figure 3.19 has its existence explained by the influence of noise
and by how badly the system manages to filter it out when using low delays. It is then
possible to conclude that for high enough thresholds, selected delay does not make a huge
difference, whereas for lower thresholds, delay can have a major impact, with bigger delays
presenting better results, specially in the situations where we deal with noisy signals such
as those generated by the signal simulator herein used.
Before moving to the finer tuning of the algorithm, the influence of using bigger buffer
sizes than needed for a given delay was assessed. Since delays over 8 samples showed worse
Figure 3.22: ROC curves obtained with the algorithm using a buffer with 5 and 10 samples,
sample delays from 1 to 4 samples.
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ROC curves, and smaller buffer sizes are preferable considering the hardware limitations
of the current system, it was decided to assess this influence just with buffer sizes of 5
and 10 samples. For each buffer size, the algorithm was tested with delays varied from 1
to 4 samples. This selection of delays is explained by the fact that, for a buffer size of 5
samples, the maximum delay possible of using is 4 samples, since one of the slots in the
buffer is used to store the most recent sample of the signal. The resulting ROC curves are
presented in Figure 3.22.
As can be clearly seen, using a buffer size bigger than what is needed for a given
delay does not bring improvements in terms of ROC curve response, since the ROC curves
for each delay pretty much overlap themselves. This is specially relevant considering the
existing hardware limitations that must be taken into account during the implementation
of the controlling system described in this section. Thus, when using a given delay in the
algorithm’s configuration, a buffer size of delay+1 shall be used in the implementation.
In order to find which combination of threshold and delay optimized the algorithm,
the F1 score for each ROC curve was computed. The combination which led to the best
performance was selected and used in the final algorithm implementation.
3.2.2.2 Finite State Machine
After developing the algorithm, it was necessary to have a framework running it and
exploring its potentialities, hence the next step was to design and implement a Finite
State Machine. It is important to refer that the state machine was the selected approach
due to its simplicity and ease of implementation, which makes it a great option for a
control system that must be easily reproduced for various distinct sensors. This assumes
special relevance considering that the VitalLogger and VitalResponder system have various
sensors in their hardware, hence an implementation approach that was easily extensible for
various sensors contained in the framework presented in Figure 3.1, and for other sensors
to implement in the future, was considered the natural option to follow.
Regarding state machine functioning, this machine must control the timestamp for a
given sensor by analysing data gathered from that sensor, which is where the analysing
algorithm comes into play. The algorithm is responsible for assessing if the signal coming
from the sensor is varying significantly or not, providing this information to the state
machine. The state machine then uses this information to decide whether the timestamp
shall be reduced, increased or maintained.
Moreover, since each sensor has its own independent timestamp, it is possible to imple-
ment various state machines in a parallel approach, where each state machine is responsible
for controlling a different signal, enabling the control of various sensors simultaneously.
This does, however, bring some implications, namely those related with hardware limita-
tions. Since each machine has an associated computational cost and needs resources from
the microcontroller, for example in terms of memory, one must be wary when implementing
various state machines in the firmware.
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State 0
State 1
TS=TS-TS_DELTA
State 2
TS=TS+TS_DELTA
State 3
TS=LOWER_THRESHOLD
pushButtonBool=0
[(pushButtonBool Λ
TS >= LOWER_THRESHOLD) V
TS > UPPER_THRESHOLD]
[significantChange Λ
TS > LOWER_THRESHOLD]
[NOT significantChange Λ
TS < UPPER_THRESHOLD]
Figure 3.23: Schematic representation of the state machine developed to control the sen-
sors. States 0 to 3 are generic states that every finite state machine must have in order to
control a sensor’s timestamp. Other extra states might need to be added for some specific
sensors.
The finite state machine must be integrated in the firmware, gathering samples from
the sensor and using them to detect if sensed data is varying significantly or not. Thus, in
what concerns implementation, the state machine was firstly implemented and tested using
Code::Blocks 13.12 IDE [76] for that purpose. It is important to refer that while developing
the algorithm for sensed data analysis, a C friendly approach was used since the beginning
to ensure easy migration into the finite state machine, which must be programmed in C
programming language. When a stable version of the control system was achieved, the
system was integrated in the firmware using MPLAB X, and tested with the hardware
system.
A generic state machine was designed to work with all types of sensors. Since it was
defined that the ambient temperature sensor would be the one used to test and validate
the control system, no additional states had to be create since this sensor does not have
any special needs that must be addressed in the state machine. This machine can be seen
in Figure 3.23. This framework is transverse to all sensors, and is composed of four states:
State 0, 1, 2 and 3. Since this machine is based on the concept of a Moore machine,
only the transitions between different states are represented in Figure 3.23, in spite of the
existence of some additional checking clauses in State 0. Nevertheless, all conditions are
herein explained in detail.
State 0 is a control state where the system is checking for triggers to transition to one
of the other states, hence being the central state in Figure 3.23. From here, it is possible
to move to three different states, which actuate on the sensor’s timestamp, leading to the
manipulation of the data sending rate. It is here, in State 0, that the algorithm for sensed
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data analysis is run, having to be fed with incoming samples measured by the sensor. The
arrow above State 0, that can be seen in Figure 3.23, means that this is the state where
the state machine is initialized.
State 1 is the state responsible for lowering the timestamp controllably, which lets more
data be sent. In order to transition to this state, the algorithm on State 0 must detect
that the signal measured by the sensor is varying significantly. Moreover, the timestamp
has a lower threshold which defines the minimum possible timestamp for the sensor. It
must only be possible to get to State 1 if the timestamp is higher than this threshold, so
that the timestamp is not lowered beyond what the system can comply with.
State 2 is exactly the opposite of State 1, in the sense that it is the state responsible
for increasing the timestamp in controlled increments, which results in fewer data being
sent (data is more spaced in time). Here, instead of looking for significant changes in
the measured signal, the system is actually looking for situations where the signal is not
changing significantly, as is the case when the signal is quasi-constant. Similarly to State 1,
there is a threshold restricting the change of the timestamp, except that now it is an upper
threshold, that defines the maximum possible timestamp for the sensor. This threshold
limits how slow the “data sending rate” can be, so that sensed data sent in the datagram
is not overly spaced in time.
State 3 was implemented so that in the presence of a specific event, such as the detection
of a dangerous situation, the user can force the system to send sensed data at the “fastest
rate” possible. This was implemented by taking advantage of the button that exists in
VitalJacket’s box. For this purpose, a boolean variable that controls button presses was
created outside the state machine. When the button is pressed by the user, the button
handler function in the firmware sets the boolean variable to true, signaling that there is an
existing button press to be handled. The state machine checks this variable, so that when
it is true, the machine transitions to Stage 3 and forces timestamp’s value to that of the
lower threshold. After having the timestamp changed, the boolean variable that controls
button presses is reset to false. Since the machine can only actuate on the timestamp if its
current value is higher than the lower threshold, the check condition was defined so that
when the button is pressed and the timestamp is already at the lowest possible value, the
system resets the boolean variable to false and maintains the timestamp unchanged.
As it was referred previously, aside from the states and transitions presented in Fig-
ure 3.23, two other checking conditions had to be introduced in Stage 0 to ensure proper
functioning of the system. The first condition was created to ensure that the system does
not increment past the upper threshold. This condition checks if measured signal change
is not significant and if the timestamp is already at the maximum value. If this situation
is detected, this condition stops the system from incrementing the timestamp beyond the
upper threshold’s value. On the other hand, the second condition is responsible for control-
ling the other extreme of timestamp values, ensuring that the system does not decrement
the timestamp past the lower threshold. Here, the condition checks if the signal is chang-
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ing significantly and if the timestamp is already at the lower threshold’s value, and, if that
situation is verified, this checking condition stops the system from further decrementing
the timestamp.
Regarding practical implementation details, it was decided to set timestamp’s upper
threshold with a value that corresponds to a data sending rate of a sample per 5 seconds,
and the lower threshold with a value for a rate of one sample per second, which is the
current rate at which the VitalJacket sends all its data. Since data from the VitalLogger
must be sent in the same datagrams as data from the VitalJacket, the modified timestamps
must be spaced in multiples of 1 second, therefore, ∆timestamp was defined as 1 second.
This means that, with the selected threshold, the system can send data at a rate in the
1-5 second band, with the possibility of having the rate changed inside that band as the
state machine is analyzing the sensed signal. Moreover, and considering that when the
VitalLogger is started all sensors are far from being stabilized, the initial timestamp was
set with the fastest possible rate (1 sample per second).
Still concerning compilation issues, the transition from state 0 to state 3 had to be
implemented in the firmware in a way that this was the first condition to be checked every
time the system is in state 0. This is because if transitions from state 0 to states 1 or 2
appeared first in the code, the system would almost always go for one of these two states,
even in situations where the button had been pressed, which would render state 3 close to
useless.
The final issue to address in this control system was related with the timestamps. In
order to know when to send data, the system must keep track of how much time has
passed since the last sample was sent. When the timer controlling it reaches the value in
the timestamp, data is sent in the datagram.
However, since the control system monitors the signal and actuates on the timestamps
Figure 3.24: Possible scenarios that can appear when using the control system. Times-
tamps are marked in the timeline in yellow. On the first scenario, when the timer t1
reaches the timestamp, the timestamp remains the same so data is sent. On the second
one, when the timer t2 reaches the old timestamp, the timestamp has already changed to
a smaller value so data is not sent.
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at a faster rate than data is sent by the system, before the timer gets to the time point in
the timestamp, that timestamp might have changed to different values various times. If
the new timestamp has its value maintained or if its value corresponds to a time higher
than the time contained in the timer, the system just keeps working until that timestamp
is reached, sending data when it hits that time. This is the first case represented in
Figure 3.24.
On the other hand, if by the time the timer reaches the old timestamp, the timestamp
has changed to a value that corresponds to a time in the past (which the timer has already
passed), the system will not send the data because it is not prepared to do so. This second
case is also depicted in Figure 3.24. To overcome this issue, the existing system’s firmware
had to be changed so that when the second case occurs, data is sent by the system on the
next datagram to be sent with data from other sensors.
After developing the state machine in Code::Blocks IDE, tests were performed on
the command line, in order to debug the state machine before implementing it in the
firmware. In order to simulate the press of the button, a specific value of 20 was set to
simulate the act of pressing the button in the physical system. Figure 3.25 demonstrates
the state machine running with measurements that are given to the machine manually
by the user. The graphical interface showed in Figure 3.25 firstly prompts the user to
insert the new measurement. After introducing the measurement, the interface shows
the classification result (1 for a significant change, 0 for a non-significant one), the newly
Figure 3.25: Demonstration of the implemented state machine, before implementing in
the firmware. The transition to State 3, which is triggered by pressing VJ’s button, was
simulated by configuring a specific SpO2 value (20 in this case) to work as the button in
the real system.
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introduced measurement, the calculated change in the signal, and the buffer with the
samples contained in it.
The first box shows a case where the signal starts by changing not significantly, which
leads to a transition to state 2 and an increase in the timestamp, followed by a significant
change, which leads to a transition to state 1 and a decrease in the timestamp.
The second box presents a case where the signal is also changing not significantly, with
the timestamp reaching its maximum possible value. Then, a value of 20 is introduced to
simulate the act of pressing the button in VJ’s box, which triggers a transition to state 3,
and a decrease in the timestamp directly to the lowest possible value.
While Figure 3.25 presents just a relatively small demonstration of how the state
machine works, it portraits the workflow where the state machine can transition from
state 0 to one of the 3 other states, or just stay in state 0 in case none of the state
transitions is triggered.
The final system, responsible for the intelligent data reduction, was implemented specif-
ically for the ambient temperature signal. For that purpose, the designed state machine
was implemented with the threshold verification condition (which checks if the signal is
within the safe limits). With this system, when ambient temperature steps out the safe
range of values, the machine uses the developed algorithm to analyse if the signal is chang-
ing significantly or not, and adjusts the amount of data to select accordingly.
3.2.3 Non Perceptible Physiological Indicators
The final step of this thesis consisted in obtaining relevant information for first responders,
that is either hard or impossible to measure using sensors, and that can be provided in an
intuitive way to give better knowledge on the first responders using the wearable system.
Stress and fatigue are important physiological measures for the first responders that
cannot be acquired using sensors, thus being hard to obtain. However, there are indicators,
such as the Physiological Strain Index (PSI) that is used to evaluate heat stress, which
can be obtained from other vital signs. In fact, PSI has already been implemented in some
systems, mostly for military uses, as presented in literature [77].
PSI can be obtained using heart rate and core temperature measurements. The prob-
lem with estimating PSI is that there is currently no completely non-invasive way to sense
core temperature. The gold standard for measuring core temperature consists in using
a rectal probe, which is not practical and comfortable for first responders to use while
working, thus not being a viable option to be implemented in a wearable system like
VitalResponder.
Moreover, core temperature, on its own, can be used as a good indicator of physiological
status to prevent/minimize physiological strain [78], with literature referring that workers
should not be permitted to work when their core temperature exceeds 38◦C [75]. Therefore,
it is important to extract core temperature and PSI from sensed data, as this is relevant
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information that can be implemented on alarm systems, which are known to be more
useful than the measurements themselves for the Fire Chief.
In what concerns the extraction of core temperature from currently sensed data, there
are two main novel non-invasive approaches described in literature, which exploit the
fact that when thermoregulation mechanisms begin to fail, variables like heart rate and
skin temperature correlate more directly with core temperature. First responders are
frequently subject to harsh conditions and heavy physical exertion, and are thus a great
target population for these approaches.
The first approach is more sensor dependent, and estimates core temperature using
data acquired from various sensors such as skin temperature, heat flux and ambient tem-
perature sensors. Despite showing promising results, it is complex and requires specific
equipment to be developed for this purpose [61, 54, 79].
The second approach is based on a Kalman filter that estimates core temperature
from heart rate measurements, and was developed with the aim of creating a simpler and
practical system that only requires a single input, and that can easily be deployed in
ambulatory field settings. This method showed good results and also holds great promise
for the near future [55, 56]. In fact, it has already been implemented by ZephyrTM in a
commercialized solution for First Responders, the BioHarnessTM [24, 22], and there exists
literature supporting that core temperature estimates from BioHarnessTM can be used as
a reliable surrogate measurement of core temperature in the field setting [78].
Since PSI can be easily obtained using heart rate and core temperature measurements,
the challenging part of this step of the work is to develop a robust core temperature pre-
dictor. In this step of the thesis, it was decided to implement a Kalman filter predictor,
using MATLAB software, to obtain core temperature estimations from heart rate mea-
surements. The Kalman filter was the selected approach because of its relative simplicity
and inherent properties that make it a great tool for prediction systems.
Core temperature estimations obtained from the implemented predictor were used to
compute the Physiological Strain Index. In order to develop the predicting system, it was
firstly necessary to have access to a database with the needed information, and to process
that data before using it. All these aspects will now be discussed in detail.
3.2.3.1 Assembling a Dataset
The first issue of this part of the work to be addressed, was to have access to a database
with information from various vital signs, namely from heart rate and rectal temperature.
The reason why rectal temperature, obtained with a rectal probe, is a must have when
developing a system with the purpose of predicting core temperature, is because it is
considered the gold standard for assessing core temperature. Therefore, in order to be
able to evaluate the performance of the implemented system, it is crucial to have this
ground truth for comparison.
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Access to data for this step of the work was granted by Aitor Coca, from NIOSH/CDC,
Pittsburgh, Pennsylvania. This data was acquired in a study which had the intent of
assessing the viability of a core temperature estimating system, in this specific case the
BioHarnessTM that estimates core temperature from heart rate, under several heat stress
conditions [78].
This data was obtained in thermoneutral and in heat stress conditions (high tempera-
ture and relative humidity), simulating the hazardous environmental conditions that first
responders often face when working. 12 healthy men were used in these experiment sets,
and four different conditions were simulated: control, active, passive and with personal
protective equipment. In these experimental sets, heat stress and exercise conditions to
which individuals were subjected were varied, and the termination criteria was a rise in
rectal temperature of 1.5◦C. Access was only given to data from control, passive and active
conditions.
In order to acquire the physiological signals, subjects were instrumented with the
following sensors: a rectal probe to measure rectal temperature, skin temperature sensors
and heat flux sensors. These last two types of sensors were placed in five different body
sites (forehead, chest, shoulder, thigh and calf). Finally, a BioHarnessTM was used to
measure heart rate and to provide core temperature estimates. For the sake of simplicity,
the system with the rectal probe, skin temperature and heat flux sensors will be referred
to as system A, and the BioHarness system will be referred to as system B. Both systems
were used simultaneously during the tests. System A was operated at a sampling rate of
0.5Hz, whereas system B was operated at a sampling rate of 0.4Hz.
After having access to the files with data from these experiments, the first step was to
extract data to MATLAB, and process it so that it could be used for the implementation
of the Kalman filter predicting system. In order to be able to compare measurements from
both sensing systems, it was necessary to adjust the sampling rate of the data from one
of the systems, so that it matched the sampling rate of the other system. In this thesis,
it was opted to downsample the longer signals, which were those obtained with the rectal
probe, skin temperature and heat flux sensors. This was performed using the resample
function from MATLAB.
Figure 3.26 presents a resampled rectal temperature signal, which is from the system
with higher sampling rate, and an original estimated core temperature signal, which is
from the system with lower sampling rate. It can be noticed that both signals match
relatively well in terms of time, which enables direct comparison of signals from both
systems, namely between estimated core temperature and rectal and/or skin temperature.
Despite the good signal matching that can be seen in Figure 3.26, using MATLAB’s
resample function to downsample the longer signal generated another issue, related with
artifact creation. This phenomenon is shown in Figure 3.27. In order to solve this issue, all
signals had a fixed number of samples trimmed off both at the beginning and end sections
of the signal. The number of samples to be trimmed off was set at 10 samples at both
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Figure 3.26: Resampled rectal temperature signal and original estimated core temperature
signal, displayed in function of time. It is possible to observe that the resampled signal
matches the original signal relatively closely, in terms of its disposition in the time scale.
ends of the signal.
After processing the signals for all subjects, in every experimental condition, obtained
data was organized in a dataset, being grouped by experimental condition. Since for some
subjects, in certain experimental conditions, there were hardware failures that rendered
the acquired data useless, the resulting dataset is composed of data from 11 subjects for
active and control conditions, and 10 subjects for the passive condition. Each acquisition
Figure 3.27: Artifact creation at the beginning and end sections of the resampled signals,
resulting from the usage of the resample function from MATLAB.
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is composed of the following data: time from system A, skin temperature on the forehead,
chest, shoulder, thigh and calf, heat flux on the forehead, chest, shoulder, thigh and calf,
time from system B, estimated core temperature and heart rate. Since the termination
criteria was stipulated as an increase of 1.5◦C in rectal temperature, the duration for each
acquisition differs.
3.2.3.2 Core Temperature and PSI Estimating System
As it has been referred previously, there are two main approaches described in literature
for core temperature estimating systems, with the first one being more sensor dependent,
in the sense that the garment must acquire data from more sensors [54, 61, 79], and the
second one, based on a Kalman filter predictor, being more simple as it only needs data
from heart rate measurements [55, 56].
Since the Kalman filter approach has already been implemented in commercialized
solutions (namely in BioHarnessTM from ZephyrTM [22, 24]), and core temperature esti-
mations resultant from these solutions can be used as a reliable surrogate measurement of
core temperature in the field setting [78], it was decided to implement a core temperature
predictor based on the Kalman filter approach.
After having the dataset assembled, and before implementing the Kalman Filter pre-
dictor, data had to be visually analysed to inspect the relationships between the various
acquired physiological signals.
It is known from physiology that when heart rate increases, core temperature should
increase too [57]. However, the conditions that subjects are exposed to, influence this
relationship between heart rate and core temperature. Therefore these were the first
variables to be analysed. Rectal temperature was analyzed in function of heart rate for
the three experimental conditions: active, passive and control. Figure 3.28 presents those
variables, for all subjects in the active setting, Figure 3.29 for the control setting, and
Figure 3.30 for the passive setting.
It is possible to observe that as heart rate increases, core temperature increases too, as
expected. However, the evolution of core temperature with heart rate varies along the three
experimental settings. In the active setting, core temperature seems to present a linear
correlation above a certain values of heart rate (around 140 bpm). In the control setting,
core temperature also rises with heart rate, but the correlation between both variables
at higher heart rates is more weakly defined when compared to what is observable for
the active setting. Finally, in the passive setting, core temperature also increases with
heart rate, but its measurements seems to be more dispersed, and only present a linear
correlation for high heart rates in some specific subjects.
These three figures also display the existing intravariability in each experimental set-
ting, which in turn occurs due to the existence of intervariablity between subjects. This
explains why, for equal experimental conditions, there is such disparity in terms of mea-
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Figure 3.28: Rectal temperature in function of heart rate, for the Active condition dataset.
sured heart rate and core temperature, which is specially notorious in the “plateau” zone
that exists for low heart rates in the three experimental settings.
Since firefighters frequently operate on hazardous environmental settings, and are sub-
ject to strenuous physical exertion, their heart rate is most frequently situated in the range
of higher heart rate values. As expected, this matches what is observable in Figure 3.28,
which corresponds to the active setting.
Furthermore, it is only in this range of higher heart rate values, situated approximately
Figure 3.29: Rectal temperature in function of heart rate, for the Control condition
dataset.
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Figure 3.30: Rectal temperature in function of heart rate, for the Passive condition dataset.
above 120/130 bpm, that core temperature starts presenting a linear correlation with heart
rate, which means that heart rate can be used as proxy for core temperature in this region.
As firefighters mostly operate in this range of values, and the core temperature estimating
system to be developed in this thesis is projected for firefighters, it was decided to use
only the active dataset in the development of the estimating system based on a Kalman
filter.
Skin temperature is also physiologically related to core temperature, thus this relation-
ship was also analysed. According to human physiology, an increase in skin temperature
can lead to an increase in core temperature if skin temperature increases above a certain
level. In case skin temperature oscillates below that level, thermoregulatory mechanisms
compensate the change in skin temperature, so that core temperature stays regulated.
In spite of being referred in literature that core and skin temperature correlate with
an offset around 0.25◦C to 0.75◦C when skin temperature is above 36◦C [54], experimen-
tal data presented in Figure 3.31 shows that this correlation can start appearing for skin
temperatures above 35◦C. Nonetheless, it is noticeable that this correlation is more noto-
rious after the stabilization phase, some time after the subject starts exercising. After 30
minutes of acquisition, skin temperatures stabilize at around 35◦C and start increasing at
a steady rate, along with core temperature, with values between skin and core tempera-
ture having an offset around 1◦C, thus going in agreement with what is mentioned in the
literature.
This means that, as supported by [54], when temperatures are near the range that
is considered dangerous, which happens with various first responders, skin temperature
can also be used to predict core temperature. However, as it is referred in [61], sensor
placement can significantly influence measurements, being the sternum one of the most
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Figure 3.31: Rectal temperature and skin temperature measurements for the five different
body sites, from one subject. While skin temperatures show a linear evolution with core
temperature, their values remain below core temperature during the whole experiment,
for all subjects.
promising locations for systems using these sensors.
The acquisition system used in [78] also had heat flux sensors, which are presented by
literature as a promising solution for core temperature estimation, due to the fact that
these sensors are less influenced by environment and attachment method when compared
to skin temperature sensors [79].
Nevertheless, heat flux sensors also present several issues. Firstly they are more noisy
and bulky. Secondly, they demand the integration of a datalogger in the system, which
must receive thermocouple or thermistor type sensors. Finally, these sensors are very
expensive, with prices of 250 Dollars per sensor in [80], and of at least 225 Euros per
sensor in [81]. As the objective is to integrate the core temperature estimating system
in VitalResponder, and these factors greatly limit the integration of heat flux sensors, in
the near future, in the wearable system, it was decided to leave heat flux out from this
analysis.
Finally, core temperature estimates obtained with BioHarness were analysed, to inspect
how it works. In Figure 3.32, estimated core temperature and heart rate are plotted in
function of time, with presented data belonging to a subject in the active dataset. When
heart rate is at low/medium levels (approximately up to 100 bpm) core temperature
should change just slightly, which is in fact visible in the stabilization phase (until around
15 minutes of acquisition). When the subject starts exercising, heart rate increases, which
is visible in the rapid increase that occurs at the 17th/18th minute of the acquisition.
As the subject continues exercising, heart rate keeps increasing, staying in the range
above 130 bpm. As previously referred, this is the range where the correlation between core
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Figure 3.32: Core Temperature estimation and Heart Rate in function of time. This
data was obtained with a BioHarnessTM, and shows the tendency that core temperature
increases with heart rate.
temperature and heart rate is more significant, thus an increase in heart rate inside this
range should result in an increase in core temperature. This can be observed in Figure 3.32
from the 20th minute until the end of the acquisition, therefore results from the existing
solution from ZephyrTM match what was expected. It is also important to notice that the
BioHarness only seems to update the output value, of estimated core temperature, if the
temperature change since the last output value reaches a threshold value of 0.1◦C, which
generates the observable step-like signal.
After analysing the data in the dataset, the next step consisted in implementing the
Kalman filter estimator. In this thesis, it was decided to implement a system similar to
that described in [55, 56], with the integration of data from skin temperature sensors being
projected to occur once a robust version of the basic system was achieved.
Both systems described in [55, 56] are based on a Kalman filter estimator, with the
system in [56] being an evolution of the one presented in [55]. The most recent system
implements a variation of the Kalman filter, which is the Extended Kalman filter. This
type of Kalman filter is applied when the process to be estimated and/or the measure-
ment relationship of the process is non-linear, as it linearizes about the current mean and
covariance. The major flaw of this approach is that using nonlinear transformations leads
to distributions of the random variables that are no longer normal [82].
The Kalman filter was implemented based on the implementation presented in [56],
which has its parameters drawn from a larger dataset, that comprehends various laboratory
and field studies on the military. Regarding implementation details, the Fk matrix, that
is used during the prediction step (Equations 3.1) to predict the new value of the state
variable from the previous one, was defined as an identity matrix based on the assumption
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that there exists thermal inertia, as referred in [56].
As the mapping matrix Hk - which maps the predicted state variable into the same
dimension of the measured variable (Equations 3.2) - referred in [56] was working very
poorly on the dataset used in this thesis, this matrix was computed for the existing dataset
using k-fold cross-validation (with k=11), thus being estimated with data from 10 subjects
and tested on one subject every time. To estimate Hk, the polyfit function from MATLAB
was used to fit a polynomial function to the dataset.
Finally, as the Kalman filter uses state and measured variables, core temperature was
implemented as the state variable, and heart rate as the measured variable. Moreover,
since the used dataset only contained data from 11 subjects, k-fold cross-validation (with
k=11) was used, with 11 different implementations being obtained.
In order to compare the performance of the implemented estimator with that of Bio-
Harness, root mean square error (RMSE) was used to evaluate the performance of the
implemented models, and the mean RMSE of all implementations was computed. RMSE
is a good measure of accuracy that aggregates the magnitudes of the errors in predictions
along various times, but which can only be used to compare models that compute their
predictions based on the same variable. RMSE can easily be computed with the following
equation:
RMSE =
√∑n
t=1(yˆt−y)2
n
(3.9)
where yˆt is the predicted value of the variable of interest, y is the measured variable
(in this case the rectal temperature) and n the total number of samples.
Stress and fatigue are important physiological indicators for the first responders, but
they cannot be measured with sensors. However, indicators like PSI can be obtained using
other acquired signals, thus, PSI was obtained using core temperature estimations and the
acquired heart rate measurements.
PSI was computed with the rectal temperature, to serve as the ground truth for com-
parison, and with core temperatures estimates obtained from BioHarness and from the
implemented core temperature predictor. To compare the performance of the PSI estima-
tors, RMSE was the selected metric.
3.3 Results and Discussion
3.3.1 Novel Sensing Capabilities
With the extended firmware and SDK implemented, the system is capable of receiving
data from the three newly implemented sensors. In Figure 3.33, a test application running
with the extended version of the SDK is shown. Here, it is possible to observe that the
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new sensors are working correctly, with its data being shown in the applications’ interface
(numbered with 1 in the figure).
However, and even more importantly, the system is capable of detecting the sensors
that it has available to gather data from, presenting them in a list in the interface, which is
marked in red. Since this list only displays the sensors that are available, if a VitalJacket
is connected to the smartphone running the application, only the sensors showed in 2 are
presented in the interface.
If a VitalLogger, which has the two sensors from from the VitalJacket as well as the
three newly implemented sensors, is connected to the smartphone, the list in 1 will contain
all the sensors presented in 2, 3 and 4.
Regarding future necessities in terms of adding new sensors in the wearable system,
which was addressed by preparing the system for a migration into a modular architecture,
a SPI protocol was defined for the communication between slaves (modules) and master.
The new firmware was designed so that it is easier to expand the system by adding new
modules.
With this approach, when a new module is created, there is only the need to add a
new configuration to the firmware. Since each type of module is unique, having its unique
identifier, by adding the configuration for a new module to the firmware, the master is
able to parse correctly the data received from that new module.
1
2
3
4
Figure 3.33: Test application running with the extended SDK, which is adapted to the
new sensors (SpO2, ambient temperature and relative humidity. The system is capable of
detecting the existing sensors, displaying them in a list (marked in red). If the smartphone
is connected to a VitalJacket, the sensors in 2 are shown, whereas if it is connected to a
VitalLogger, the sensors in 2, 3 and 4 are shown to the list.
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Figure 3.34: SPI communication between a fictitious VitalLogger module (slave) and a
master. The sections of the datagram are aligned with the respective bytes in the MISO
channel. The second “data” segment corresponds to the ambient temperature data, which
is contained in two bytes of information.
During this work, the SPI protocol was implemented with a configuration for a Vital-
Logger module, which might be created in the near future, that contains data from the
SpO2, ambient temperature and relative humidity sensors.
The datagram for the SPI communication between this module and the master com-
prises three data segments, which correspond to the data from the three sensors that the
fictitious VitalLogger module possesses. Both the datagram and the SPI communication
itself, captured using Logic, are presented in Figure 3.34, with the datagram being aligned
with the respective bytes seen in MISO channel. The identifier for this module was set
with the number 1, as can be seen in Figure 3.34.
Also, while this module possesses three sensors, information for ambient temperature
has to be represented using two bytes of information. This is because ambient temperature
must be sent as an integer value. When the master receives the ambient temperature from
the slave, its parser divides the value by 10, hence obtaining the temperature with an
integer and a float part. Therefore, the first byte after module ID contains SpO2 data, the
second and third ones contain ambient temperature data, and the fourth byte contains
the measurement for relative humidity.
3.3.2 Intelligent Data Reduction
In order to select the best configuration (buffer size, delay and threshold) to implement in
the generic data reduction algorithm, the F1 score was computed for each delay.
Table 3.1 summarizes the highest F1 score obtained for each delay (from 1 to 9 samples,
since delays higher that 9 showed worse performance in the ROC curve analysis), and it
also has the threshold used to obtain the given F1 score. Moreover, Table 3.1 also contains
3.3 Results and Discussion 81
Table 3.1: Summary of the best F1 score for each delay, with its respective threshold, and
of the algorithms’ mean Accuracy obtained at the same delay and threshold.
Delay (num. of samples) Threshold (%) F1 Score Mean Accuracy (%)
1 0.67 0.694 69.9
2 0.16 0.712 76.6
3 0.16 0.742 82.1
4 0.16 0.768 84.3
5 0.15 0.836 84.7
6 0.14 0.823 84.3
7 0.12 0.845 87.4
8 0.11 0.834 87.1
9 0.11 0.823 86.2
the algorithm’s mean Accuracy obtained when using the same delay and threshold as those
used to obtain the F1 scores presented in the table.
The F1 score, which is a measure that basically consists in a weighted average of
sensitivity and precision, had its highest value in 0.845, observed for a delay of 7 samples
with a threshold of 0.12%. This specific pair of delay and threshold also presented the
highest mean Accuracy, with a value of 87.4%. The second and third highest F1 scores
had a value close to 0.835, which is roughly 1% lower than the highest F1 score. Regarding
accuracy, it can be seen that higher delays are associated with higher accuracies, hence
the next best combination to consider is a delay of 8 samples with a threshold of 0.11%.
After analysing the obtained results, it was decided to implement the analysing algorithm
with the following specifications:
• Buffer Size: 8 samples | Delay: 7 samples | Threshold: 0.12%
Since the algorithm was developed with the intent of working with various different
signals, the algorithm was validated on two different signals: ambient temperature and
SpO2. After acquiring the data using the VitalX Android application, data had to be
manually labeled in order to enable the computation of metrics used to evaluate algorithm
performance.
During this labeling procedure, the following considerations were taken into account:
regarding the ambient temperature signal, only the transition zones, where the signal
increases or decreases sharply, should be marked as significantly changing; concerning the
SpO2 signal, it is usually stabilized in a saturation value around 98-99% and variations are
detected in multiples of 1%, so, every existing variation should be labeled as significantly
changing.
An example of acquired ambient temperature and SpO2 signals, as well as the resulting
signal after applying the algorithm on the original signals, is presented in Figure 3.35. The
original signals are shown in blue, whereas selected data is presented in red.
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Figure 3.35: Ambient temperature and SpO2 signals analysed with the developed algo-
rithm. The original signal is presented in blue, and data that is considered relevant by
the algorithm is presented in red.
It is possible to observe that for the ambient temperature signal, the algorithm selects
the data in the transition zones (where it varies significantly), and drops out samples in
the sections where the signal stabilizes, as expected. However, for the SpO2 signal, the
algorithm seems to be less consistent, leaving data in the transitions zones unselected, and
selecting data in stabilized sections where the signal is not varying.
After running the algorithm on various acquired ambient temperature and SpO2 sig-
nals, algorithm performance was evaluated based on the computation of the following
metrics: Accuracy and F1 Score. Mean accuracy and mean F1 score resulting from the
analysis of all signals is presented in Table 3.2.
Concerning ambient temperature, mean accuracy is lower than that obtained with the
algorithm for the signals generated by the signal simulator but F1 is higher (85.5% vs
87.4% and 0.905 vs 0.845, for accuracy and F1 score, respectively). Regarding the SpO2
signal, both values are clearly lower when compared to those obtained with the signals
Table 3.2: Mean Accuracy and F1 Score for ambient temperature and SpO2 signals ob-
tained with the VitalLogger.
Mean Accuracy Mean F1 Score
Ambient Temperature 85.5% 0.905
SpO2 59.7% 0.678
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generated by the signal simulator (59.7% vs 87.4% and 0.678 vs 0.845, for accuracy and
F1 score, respectively). These results show that the algorithm works well with ambient
temperature signals, but performs less well when used in SpO2 signals.
However, it must not be forgotten that the algorithm was designed to be generic (i.e.
work with dat from various types of sensors), and implemented having its specifications
configured according to algorithm response for 14 different types of signals, in order to have
an algorithm capable of generalizing instead of overfitting to data. The possibility of having
worse response for certain signals is a reality and an inherent trade-off resulting from the
chosen implementation for the data selection system, since the algorithm was projected
and developed with the aim of being capable of analysing various different signals, in
order to enable fast and easy out of the box implementation of the controlling system for
different sensors in the VitalLogger and VitalResponder.
To sum up, while in this thesis the algorithm was only validated on ambient tem-
perature and SpO2 signals, it was possible to observe that the system works better with
some specific signals. In cases where it is absolutely crucial that the algorithm performs
very well for a specific type of signal, the set of parameters (buffer size, sample delay
and threshold) that optimizes algorithm response for that signal should be computed, and
implemented in the algorithm’s configurations.
With the algorithm implemented with the selected configuration, it was integrated in
the designed finite state machine. While the control system was developed with the aim of
having a generic control system, which means that it can work with signals from various
different sensors, in this thesis it was specifically implemented for the ambient temperature
sensor that was introduced with the VitalLogger.
The developed algorithm and state machine were integrated with the system respon-
sible for selecting data when the signal is within the thresholds displayed in Figure 3.16.
The final system was implemented so that the buffer used in the state machine starts
being filled when the system starts working. This means that the state machine can only
start working when that buffer is filled.
If a measured sample is within the safe temperature thresholds, samples from the signal
are sent in fixed intervals of for example a sample each 30 seconds. When the signal leaves
the “safe region”, the first sample to be sensed is sent to the Fire Chief. When temperatures
are outside the threshold limited area, the state machine autonomously selects which data
should be sent or not.
This system was implemented in the firmware, for the ambient temperature sensor,
and Figure 3.36 shows an original temperature signal, the upper temperature threshold
that was defined as 35 degrees Celsius, and the resulting signal after it went through
the control system. It is possible to observe that below the threshold, few samples are
selected by the sensor. In this demonstration, it was defined that samples selected below
the threshold should be spaced at a fixed distance of 6 samples.
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Figure 3.36: Demonstration of the control system that selects data, running on ambient
temperature signal. Below the threshold few samples are selected. Above the threshold
the number of selected samples increases, with the number of selected samples depending
on whether the signal is changing significantly or not.
When the signal rises above the threshold, it is possible to see that the first sample
that appears is selected. Then, depending on whether the signal has a sharp change or if
it stabilizes around a specific value, the system selects more or less data according to the
sensed signal change. It can be clearly seen that in steep changes, more data is selected
than in sections where the signal remains close to constant. Nevertheless, it can be noticed
that when the signal presents small changes but the signal value is above the threshold,
more data is selected compared to when small changes exist but the signal is below the
presented temperature threshold, which matches what is expected from the system. While
the system was only tested with the ambient temperature sensor, it should work exactly
the same way with other sensors that may exist in the wearable platform.
By actuating on the amount of data that is sent to device being used by the Fire Chief,
which is sent using Bluetooth protocol, some energy savings might occur. However, these
are negligible considering the remaining amount of data that is sent from other sensors,
such as data from the ECG sensors, to the connected device (e.g. smartphone).
More than having potential energy savings from using this system, the objective of this
thesis is to improve the current wearable system so that it fulfills more of the firefight-
ers’ needs. Since firefighters frequently operate on hazardous conditions, where ambient
temperature can reach high levels, it is important to notify them of dangerous situations
when these appear.
From what was obtained by inquiring firefighters, Fire Chiefs, who are responsible for
managing not only firefighters on the field but also the supporting units (e.g. vehicles), are
frequently busy with dealing with all the resources they have to manage, so they cannot
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pay close attention to the monitoring device and see if the value for a given signal changed
or not.
In order to meet their needs, aside from providing them the temperature values, the end
result must be something intuitive, such as firing an alarm in the application running in
their mobile device if the ambient temperature rises above the upper threshold. Therefore,
the mobile application was adapted to receive the selected data, show temperature status
according to the measured temperature, and fire an alarm system when temperature leaves
the “safe zone”.
In normal conditions, where temperature is below the threshold, temperature status
is displayed as OK and no measurement is shown. If temperature rises above the upper
threshold (of 35 degrees Celsius), an alarm situation is triggered so temperature status
changes to a warning “stance”. When showing the alarm, the application also shows the
1
Figure 3.37: Demonstration of the mobile application with an alarm system implemented,
that is triggered by ambient temperature. In this demonstration, the application was
configured to trigger the alarm when ambient temperature rose above 25 degrees Celsius.
1 - Overall interface of the application; 2 - Temperature status showed when temperature
is below the threshold; 3 - Temperature status showed when temperature is above the
threshold.
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temperature measurement that is triggering it, so that the Fire Chief can have an idea of
how high ambient temperature is in fact.
For testing purposes, the application was implemented with a threshold of 25 degrees
Celsius, to make it easier to trigger the alarm and test the application. The VitalLogger,
without the SpO2 sensor connected, was connected to the smartphone through Bluetooth.
Hot air was blown to the ambient temperature sensor to make sensed temperature change.
Figure 3.37 shows the resulting temperature status shown by the application when temper-
ature is below and above the defined threshold. Figure 3.37 also displays the full graphical
user interface of the application.
The resulting system reduces the data redundancy which Fire Chiefs are subjected to,
and also notifies Fire Chiefs of the existence of a potential risk situation more intuitively,
making it easier for the end user to interpret information gathered with the system. In
order to make the alarm system more effective, it should be improved to provide sensory
feedback to the Fire Chiefs, by making the device produce a loud noise, vibrate or flash
the screen.
3.3.3 Non Perceptible Physiological Indicators
The core temperature estimating system, based on a Kalman filter, was implemented using
k-fold cross-validation, with k=11 since the dataset used in this implementation contains
data from 11 different subjects. This means that the system was trained in 10 subjects
and tested in 1, in a total of 11 different combinations.
In order to assess the performance of the implemented system, and compare it with the
performance of the BioHarness, RMSE was the selected metric, and rectal temperature was
used as the ground truth. Due to the fact that 11 different implementations were obtained
from the k-fold cross-validation approach, in order to assess the general performance of the
implemented system, mean RMSE from all 11 different implementations was computed.
The mean RMSE of the implemented estimator was 1.06, but since each model was
tested only in a single subject, there is the possibility of existing inaccurate RMSE values
(that can either be very low or very high), which introduce bias in mean RMSE, leading
to a less accurate assessment of the performance of the system. Thus, it cannot be assured
that a model developed with this data will work well with all signals.
In order to verify the reliability of an implemented model, a larger dataset should be
used, so that it can be tested on more data, enabling the calculation of a more reliable and
representative RMSE. Another possibility is to select only the better performing models,
since subject inter variability is known to exist, and it impacts on the performance of the
system. As all 11 implementations were considered in the computation of the mean RMSE,
the cases where the implemented model performed less well led biased the mean RMSE
to a higher value. This means that by selecting only the better performing models, it is
possible to have an implemented core temperature estimating system with better RMSE.
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Figure 3.38: Comparison of core temperature obtained with the three different approaches:
using a rectal probe (in red), using BioHarness (in green), and using the implemented
system (in blue). In this case, the implemented system works quite well, following the trend
of the rectal temperature. The drop in rectal temperature around the 37th minute, marked
with a black ellipse, was due to problems with the probe, which had to be repositioned.
Two examples of obtained Kalman filter estimators being tested with data from the
dataset are shown in Figures 3.38 and 3.39, to illustrate how significantly the performance
Figure 3.39: Comparison of core temperature obtained with the three different approaches:
using a rectal probe (in red), using BioHarness (in green), and using the implemented
system (in blue). In this case, the implemented system works very badly, producing slight
changes in the estimated core temperature throughout the signal.
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of the models can vary. In Figure 3.38, a relatively good estimator was obtained, with
its estimations following those of BioHarness closely, and accompanying the trend of the
rectal temperature signal. Similarly to BioHarness estimations, the implemented system
seems to struggle in the stabilization phase of the signal, where rectal temperature is 0.2◦C
lower than the estimated core temperature. Nonetheless, when in exercise conditions, the
system seems to perform well. The drop in rectal temperature around the 37th minute
was due to problems with the probe, which had to be repositioned during the acquisition.
On the other hand, in Figure 3.39, it is easily observable that the implemented model is
performing very poorly, with obtained estimations of core temperature being just slightly
changed throughout the whole signal. This serves to demonstrate that the Kalman filter
can perform both very well and very badly, thus, in order to have a more reliable imple-
mented system, that performs better, a larger dataset with data from the active setting
should be used, or only the better performing models should be selected.
Moreover, the performance of the implemented Kalman filter estimator was compared
against that of the system implemented in BioHarness, also using RMSE as the selected
metric. This is possible as both BioHarness and the implemented estimator have core
temperature as the predicted variable. BioHarness’ RMSE was computed for all subjects
in the active setting dataset, with the mean RMSE being computed in the end.
As expected, ZephyrTM’s system performs better, having a mean RMSE of 0.70, com-
pared to the mean RMSE of 1.06 obtained with the implemented system. However, it has
been shown in practical cases of Figure 3.38 and 3.39 that the implemented estimator can
greatly vary depending on the data it is developed and tested on.
Therefore, while the mean RMSE from the implemented system is lower than that
obtained by BioHarness, if only the better performing models (from the implemented
system) are taken into account, it possible to have an implemented system with a lower
RMSE that is comparable to that of BioHarness, with its value standing around 0.8.
With the heart rate measurements from BioHarness, and with the core temperature
estimations from BioHarness and from the implemented predictor, PSI was then computed
and compared for both systems, using RMSE as the evaluation metric.
In Figure 3.40, PSI was computed for a case where core temperature estimates were
close to the real core temperature (rectal temperature). It is visible that PSI values remain
close together throughout most of the signal, with PSI computed using CT estimates from
the implemented core temperature estimator being overestimated in the upper range of PSI
values, having a maximum PSI value of 7. It can also be seen that PSI values computed
with core temperatures from the rectal probe and from BioHarness are very close to
each other (with a maximum PSI of 6.2), which shows that BioHarness is a reliable core
temperature estimator, as demonstrated in [78].
In Figure 3.41, PSI was computed for a case where core temperature estimates were
less accurate. Here, PSI was overestimated for temperatures from both core temperature
estimators. However, BioHarness’ PSI is overestimated with a relatively constant offset
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Figure 3.40: Comparison of PSI computed with core temperature from three different
sources: rectal probe (in red), BioHarness (in green), and implemented system (in blue).
In this case, PSI estimations remain close for core temperature from all sources, with
PSI obtained using core temperature estimates from the implemented CT estimator being
overestimated in the upper range of PSI values.
during the exercising period, whereas PSI obtained with core temperatures from the im-
plemented Kalman estimator increases in a non controlled way few time after the start
of the exercising period. The maximum PSI values were of 6.3, 7 and 10.6 for PSI com-
puted with core temperatures from the rectal probe, BioHarness, and implemented core
temperature estimator, respectively.
In practical terms, this means that for the situation presented in Figure 3.41, the
implemented system would lead to a classification of a risk situation (because its PSI
goes over 7.5) when in fact it was a controlled situation (ground truth PSI was 6.3).
However, this type of situation is only verified when the core temperature estimator also
performs badly, as PSI depends directly on the core temperature estimates. As explained
previously, if only the better performing models are selected for the implemented core
temperature estimator, the PSI estimator will also have better performance, hence this
type of situations will be minimized.
It is also important to refer that, by analysing PSI for core temperatures obtained
with the rectal probe, it is possible to see that the maximum PSI value registered during
the experiment was of 6.3. Considering that the risk threshold for PSI is at 7.5, this
shows that the experiments where data was acquired stayed within the safe range of
physiological stress. Other studies have reported that PSI begins to increase noticeably
when skin temperature is above 36◦C [54], and, in fact, it can be seen in Figures 3.40
and 3.41 that PSI starts increasing more noticeably some time after the subjects starts
exercising, which when matched with data from core temperature estimation, and from
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Figure 3.41: Comparison of PSI computed with core temperature from three different
sources: rectal probe (in red), BioHarness (in green), and implemented system (in blue).
In this case, PSI estimations are worse for both CT estimating systems, but while with
CT estimations from BioHarness, PSI is constantly overestimated with an almost fixed
offset, for the implemented CT estimator PSI overshoots in temperatures obtained during
the exercise phase.
the comparison of rectal temperature with skin temperatures, corresponds to when skin
temperature is above around 36◦C, thus corroborating what is described in the literature.
To compare PSI estimations from both sources of estimated core temperature, it was
necessary to compute the RMSE of PSI estimations for all 11 developed core temperature
estimators, and the RMSE of PSI estimations for BioHarness applied in all 11 subjects’
data. PSI obtained with rectal temperature was used as the ground truth.
Zephyr’s BioHarness presented a RMSE of 0.64 whereas the implemented estimator
presented a RMSE of 1.94. This shows that core temperature estimations from BioHarness
can be used to estimate PSI more reliably than core temperature estimations obtained
with the implemented CT predictor. This is expected since PSI only needs HR and CT to
be computed, and the average implemented CT predictor currently performs worse than
BioHarness’ CT estimator.
Nonetheless, and as it was referred previously, if the implemented core temperature
estimator is based only on the better performing models, it is possible to have an imple-
mented system that has a performance more comparable to that of BioHarness, which
means that it is possible to have a good core temperature estimator implemented in Vi-
talResponder, that can be further used as a good PSI estimator.
With these two new physiological indicators - core temperature and PSI - which better
represent the physiological state of firefighters, an alarm system can be implemented in
the Android application that interfaces the wearable system and the Fire Chief, so that
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this relevant physiological information can be provided in an intuitive and practical way
to the Fire Chiefs, hopefully contributing to make firefighters’ job more secure.

Chapter 4
Conclusions and Future Work
While wearable health systems are a promising and attractive market, most of its ap-
plications are focused on medical applications, and more recently on sports and fitness.
Nevertheless, the versatility of wearable health systems enables their adaptation to differ-
ent target markets. This Master thesis focused on improving an existing wearable health
system that is centered on first responders, by providing not only more but better in-
formation to first responders. In order to accomplish this objective, a workflow of three
different steps was elaborated to address different issues of the system. While it was man-
aged to complete some of the projected objectives, others were only partially fulfilled. In
the following lines the status of the objectives of each step will be summed up, and some
indications for future work will be provided.
The first step regarded providing more information to first responders, by increasing
the number of sensors available in the wearable system. This objective was successfully
completed with the adaptation of existing high-level firmware and SDK from VitalJacket
to VitalLogger, a prototype wearable health system that expands the sensing capabilities
of VitalJacket by adding a SpO2, ambient temperature and humidity sensor. This system
can be integrated in VitalResponder, increasing the amount of data it can provide to first
responders.
However, since there might be other sensing needs in the future that require the addi-
tion of more sensors, VitalLogger’s firmware was prepared for a migration into a modular
architecture. Here, a SPI protocol was successfully designed and implemented for the
communication between master and slaves, but since there are currently no modules avail-
able, the protocol was tested in a simulated hardware set using development boards. The
system is prepared so that configurations for new modules to be developed only need to be
introduced in the master’s parsing state machine, in order for the master to know how to
correctly handle data received from each slave. In order to further improve the system, the
capability of turning sensors from the modules on and off when needed is an interesting
new feature to add.
Regarding the second step, which addressed the issue of selecting only relevant in-
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formation from acquired data, and conveying it in an intuitive way to the Fire Chief,
the projected objectives were also completed by creating a system that is capable of au-
tonomously selecting the relevant data in a sensed signal, and also through the creation of
an alarm system that informs that Fire Chief about the safety status of ambient temper-
ature. However, there are several improvements that can be made to the system. Firstly,
new parameter specifications for the data selection algorithm can be obtained by devel-
oping the algorithm on a more complete signal simulator. Not only that, but specific
configurations can be developed for different types of signal (SpO2, ambient temperature,
etc) and added to the system as presets that can be easily selected during implementation
in the firmware. This will ensure that the data selecting system performs well for the
various different types of signals.
Another interesting aspect for future work is to develop the data selecting system
with other metrics, such as signal variance, which might be more effective in the selecting
process. These new metrics must be analysed along with the available hardware resources,
as a metric like signal variance might require a larger buffer size in order to work properly.
Lastly, and regarding the communication of selected information in an intuitive way to
the Fire Chiefs, the alarm system for signals such as ambient temperature can be improved
to provide sensory feedback (vibrate, produce a loud noise, flash) to the Fire Chiefs when
in the presence of a dangerous situation. This feature is very important as with all the
chaos that exists in the field, sensory feedback has the potential to alert the Fire Chief
more effectively.
Finally, in what regards the third step, which addressed the issue of providing rel-
evant physiological information from first responders that cannot be measured directly
with sensors, the defined objectives were only partially completed. The first part, which
comprised getting access to a database with different sensing modalities (rectal and skin
temperature, heat flux and heart rate), and assembling a dataset with that information
was successfully completed. Since the assembled dataset contains various sensing modal-
ities for different experimental conditions, it can be useful, in the future, for other works
that are not directly related to the core temperature estimator.
The second part involved developing a core temperature estimator with a performance
similar to that of an existing system in the market, which is the BioHarness. This ob-
jective was partially completed as the obtained estimator must still be improved before
implementing in the VitalResponder. Future work to improve the first version of the es-
timator can involve improving the estimation of certain parameters of the Kalman filter,
namely the mapping matrix Hk.
With a robust estimator that uses only heart rate measurements to estimate core tem-
perature, it is possible to compute PSI values, which can be implemented in an alarm
system. Similarly to what was suggested in the second step, this alarm system should
provide sensory feedback (e.g. producing a loud sound) in case of an existing risk sit-
uation. Finally, the estimator can be improved even further, by adding data from skin
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temperature sensors to increase the accuracy of the core temperature estimations, which
will consequently improve the accuracy of computed PSI values, while reducing the bias
in PSI resultant from heart rate measurements.
Work developed during this thesis had the objective of moving towards a more com-
plete wearable sensing system. The improvements made with this work were projected
with the intent of matching the specific needs of first responders. Nevertheless, since the
wearable solution and technology from Biodevices SA is versatile, the newly implemented
features can be exploited for different uses and target markets. Moreover, it is hoped
that after implementing the suggested improvements, specially regarding the core temper-
ature estimator, the resulting work from this thesis can help Biodevices SA expanding its
solutions.
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